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ABSTRACT

Over the past decade, the success of deep learning models has largely depended
on the availability of extensive training data and the assumption that training and
target data distributions are independent and identically distributed (i.i.d.). However,
deviations from these conditions often reveal the models’ brittleness, as they struggle
with distribution shifts—discrepancies between training and testing datasets arising
from various factors.

To address this challenge, this dissertation leverages Generative Adversarial Net-
works (GANS) to parameterize distribution shifts, using a novel single-shot target
aware (SiSTA) adaptation technique. This approach updates a GAN with a target
domain example to generate synthetic samples that facilitate the effective adaptation
of predictive models to target conditions.

Beyond synthetic data generation, GANs are integral to digital imaging restoration
tasks such as image denoising and super-resolution. However, they often perform
poorly when the input data deviates from the training distribution. To address this,
a technique called SPHInX (Style Projection Heads for Inverting X) is developed to
enhance GAN inversion capabilities, thereby improving the model’s ability to handle
out-of-distribution images.

However, GANs struggle with semantic shifts caused by label shifts and class
imbalances. Vision-Language Models (VLMs) are more effective in these scenarios.
This dissertation introduces CREPE (CLIP Representation Enhanced Predicate
Estimation), a framework that leverages VLMs to improve nuanced visual relationship
prediction by better contextualizing the visual representations.

A key part of mitigating model failures involves understanding when and why

these failures occur. This dissertation proposes a novel strategy for estimating failures



by parameterizing the decision rules learned by predictive models through VLMs.
This approach refines the mechanism for failure estimation, allowing for more precise
identification and correction of failures across various scenarios.

When there is a scarcity of data, the challenge becomes even more pronounced.
In such cases, the problem is commonly modeled as a distribution of small tasks.
This dissertation addresses this issue by exploring the use of knowledge graphs to
dynamically modulate the weights of predictive models. This approach enables the
models to adapt their decision rules effectively, enhancing flexibility and effectiveness
in real-world applications.

Overall, this dissertation presents robust methodologies for understanding and
mitigating adverse effects of distribution shifts on the performance of deep learning
models, significantly advancing the adaptability and reliability of these models in
dynamic environments. These contributions lay a foundation for future research
into developing artificial intelligence systems that are capable of sustaining reliable

performance across varying conditions.
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Chapter 1

INTRODUCTION

In recent years, the landscape of artificial intelligence (AI) has been profoundly
transformed by the advent of deep learning models. These models have catalyzed
significant advancements in numerous domains, including computer vision (Goodfellow
et al. 2014; Karras, Laine, and Aila 2019; Karras et al. 2020; Karras et al. 2021),
natural language processing (Vaswani et al. 2017; Devlin et al. 2019), and autonomous
systems (Rao and Frtunikj 2018; Subramanyam 2018), leading to their wide and rapid
adoption across a diverse array of sectors. In healthcare (Hosny et al. 2018; Young
et al. 2020), deep learning is at the forefront of revolutionary changes, enhancing
drug discovery through predictive analytics and personalized medicine approaches.
Autonomous driving technologies have benefited from these algorithms, improving
safety and efficiency in transportation. Other sectors experiencing transformative
changes due to deep learning include financial services through fraud detection systems,
retail with personalized customer experiences, and in robotics, where they are pivotal
in developing more sophisticated and autonomous machines.

As deep learning models continue to drive significant technological breakthroughs,
there is an ever-increasing demand for more sophisticated Al solutions that are capable
of handling complex and nuanced tasks. This surge in demand has propelled the
development of models that can not only push the boundaries in predictive modeling
but can also enable unprecedented capabilities in reasoning and creative content
generation.

To meet these demands, deep learning models have increasingly relied on large-scale



datasets and significant compute availability. The intuition is that such large volumes of
training data will adequately represent the scenarios that the model will encounter upon
deployment, and can thus lead to transferable data representations when leveraged
using state-of-the-art (unsupervised) learning paradigms. Examples of this include
large language models like GPT-4 (Brown et al. 2020) and LLaMA (Touvron et
al. 2023), and image synthesis models such as StyleGANs (Karras, Laine, and Aila
2019) and Stable Diffusion (Rombach et al. 2022). Not surprisingly, these models
have pushed the boundaries of Al applications, showcasing the importance of training
models at scale.

However, in practical applications, we rarely have this luxury of exorbitant data
and compute, and hence build predictive models with simplified assumptions. One
such widely adopted, yet problematic, assumption is that the training and testing
datasets are independently and identically distributed (i.i.d.) (Fei and Liu 2016).
The violation of this assumption will lead to significant challenges in the real-world
deployment of AI models. For example, when this assumption fails, models that
exhibit excellent performance in closed-world settings (i.e., evaluate on train data) can
falter when exposed to data from novel test environments. The discrepancy between
training and testing data can arise due to a variety of factors, and can be characterized
using the the mathematical framework of distribution shifts.

Understanding and addressing these distribution shifts is crucial as deep learning
applications become increasingly integrated into critical infrastructures. Advanced
methodologies such as domain adaptation, transfer learning, and continual learning
frameworks are being developed to mitigate these issues, enhancing the reliability and

utility of deep learning models across all sectors.



1.1 Motivation

Classification models serve as fundamental tools in supervised machine learning,
mapping input features to categorical labels. These models are parameterized by a
set of parameters 6, which are optimized during the training process to minimize a
loss function L. This loss function quantifies the mismatch between the predicted
labels § and the actual labels y. The process hinges on a training dataset Diam =
{(zs,y:)]i =1,..., N}, where the objective is to identify the optimal parameter set 6*

that minimizes the expected loss across Dipin. This is represented mathematically as:
XN
0" = arg N 2; L(f(2i;0), vi)-
1=

This formulation, commonly know as empirical risk minimization (ERM) (Montanari
and Saeed 2022), assumes that minimizing the average loss on the training set will
generalize effectively to unseen data from the testing set. However, as discussed
above, this assumption does not always hold true, particularly when the training and
testing datasets originate from different distributions—a situation often encountered
in practical applications. Such discrepancies between training and testing conditions
highlight the limitations of conventional training paradigms and underscore the
challenges in achieving robustness against distribution shifts.

Distribution shift manifests in various forms: Covariate Shift occurs when the
distribution of input variables P(x) differs between the training and testing datasets,
while the conditional distribution P(y|z) remains the same. Label Shift arises when
the distribution of labels P(y) changes between the datasets, while the conditional
distribution of features given the labels P(x|y) remains the same. Sub-Population
Shift involves changes in the distribution within specific sub-groups of the data, which

may not be reflected across the training and testing sets.



To address distribution shifts in machine learning, researchers have developed
several strategies, including synthetic data augmentation and feature space alignment
techniques. Synthetic data augmentation enhances model robustness by expanding the
diversity of training data through the generation of artificial samples. This method
utilizes various manipulations such as image rotation, scaling, and color adjustment to
expose models to a broad range of variations, thereby promoting domain invariance.

Feature space alignment techniques, on the other hand, aim to reduce domain
discrepancies by aligning the feature distributions of source and target domains. These
methods typically involve adjusting the statistical properties of features, such as
aligning the mean and covariance of distributions. This alignment can be achieved
through sophisticated models that learn to map features from different domains into
a common feature space, effectively making the model’s predictions less sensitive to
the differences between the training (source) and testing (target) data distributions.

Both approaches have limitations. Synthetic data augmentation requires careful
design to ensure that the generated variations are relevant and do not introduce
misleading biases. Feature space alignment, meanwhile, demands significant amounts
of target domain data to effectively learn a representative joint feature space. Moreover,
these techniques often necessitate complex model architectures or training procedures,
increasing computational costs and requiring more sophisticated expertise in model
development.

Hence, to effectively mitigate such shifts, it is crucial to parameterize the shift to
understand how it occurs and develop strategies to address it. Within this context,
image generative models like Generative Adversarial Networks (GANs), known for
their capability to model large-scale image distributions, emerge as promising tools.

Traditionally, GANs have been utilized for generating synthetic data to train classifiers.



This raises an intriguing question: Can GANs be effectively leveraged to handle
and parameterize shifts in image distributions, enhancing their utility in dynamic
environments?

Image generative models, such as GANSs, play a pivotal role in addressing numerous
inverse problems in digital imaging, including image denoising and super resolution,
among other downstream tasks. However, these models often face significant challenges
when there is a shift in the distribution of the input data. For instance, GANs that
are trained on specific datasets like aligned human faces frequently struggle when
confronted with slightly altered conditions, such as non-aligned or rotated faces. This
underscore the need for developing more adaptable and robust solutions that can
leverage pretrained GANs for digital imaging problems.

When the shift is semantic in nature, as observed with class imbalanced datasets
or when attempting to generalize to unseen classes, traditional generative models
struggle due to their limited semantic understanding. We need solutions that can
comprehensively understand visual features and their associated semantics.

On the other hand, in few-shot classification problems, where each task involves
classes represented by very few examples, the challenge becomes particularly pro-
nounced. Here, the focus is on enabling models to learn generalizable rules that can
be quickly adapted when exposed to a small set of new examples during inference.

Ultimately, to build robust solutions capable of mitigating shifts, it is crucial to
understand where and why models fail, and comprehend the decision rules that the
models learn from biased training data. This involves a deep dive into the mechanics
of the task and the performance of the models in executing these tasks under varied
conditions. Such an understanding is fundamental to developing more adaptive,

resilient machine learning systems and underscores the necessity for accurate failure



estimation methods, which are essential for pinpointing weaknesses and areas for

improvement in model performance.

1.2 Parameterizing distribution shift through image generative models

Deep learning models often degrade significantly under distribution shifts between
training and test environments, as noted by Torralba et al (Torralba and Efros 2011).
Adapting models to new domains typically requires target domain data, which isn’t
always feasible. Test-time adaptation has emerged as an alternative, enabling models
trained on source data to adapt using only target data. However, the effectiveness of
source-free adaptation (SFDA) methods like SHOT (Liang, Hu, and Feng 2020) and
domain-exploiting approaches (Yang et al. 2021) can be limited by the availability
of sufficient target data. Other techniques such as TENT (D. Wang et al. 2021) and
MEMO (Zhang, Levine, and Finn 2021) often provide marginal improvements under
complex shifts or scarce data (Thopalli, Turaga, and Thiagarajan 2022).

In Chapter 2, we address the challenge of adapting models in scenarios with minimal
target data, particularly focusing on extreme single-shot cases. Common strategies
involve synthetic augmentations (Gokhale et al. 2023) and generative augmentations
using GANs, notably StyleGAN-v2 (Yue et al. 2022), which excel in generating
high-quality, realistic images.

We introduce SiSTA (Single-Shot Target Adaptation) (Thopalli et al. 2023; Subra-
manyam, Thopalli, et al. 2023), a novel method leveraging target-aware generative
augmentation to adapt classifiers in data-limited environments. SiSTA involves fine-
tuning a pre-trained StyleGAN with a single target sample by inverting the image into

the GAN’s latent space to generate domain-representative images. The classifier is then



adapted using these synthesized samples, employing unique sampling strategies for
better feature extraction. Extensively tested across benchmarks like CelebA, AFHQ),
and DomainNet, SiSTA has consistently outperformed existing methods, sometimes
surpassing them by over 15 percentage points and matching performance levels of an
oracle scenario with abundant target data (Thopalli, Turaga, and Thiagarajan 2022).
This validates our hypothesis that pre-trained generative models can be potent tools

for enhancing classifier robustness in challenging adaptation scenarios.

1.3 Exploring GAN inversion in the face of distribution shift

In the digital imaging domain, inverse problems such as image denoising, super-
resolution, compressed sensing, image editing, and inpainting are critical for enhancing
visual data quality and usability. These problems are integral to diverse applications
like medical imaging, satellite enhancement, and digital media restoration, highlighting
their importance in both academic and practical settings.

Generative Adversarial Networks (GANSs), especially advanced models like
StyleGAN-v2, are pivotal in solving these inverse problems through GAN inver-
sion, which maps an image back into the latent space of a GAN. However, challenges
arise when inverting images that deviate from the training distribution, particularly
with minor input alterations, highlighting the limitations of traditional GANs in
handling out-of-distribution (OOD) images.

In such contexts, updating the GAN with only a single image becomes problematic,
especially if the target image exhibits semantic shifts. This can complicate the
adaptation of the GAN, as traditional training methods require multiple images to

recalibrate effectively without overfitting to a single outlier.



The only viable solution, therefore, is to devise a method to improve the inversion
process itself. This approach involves updating the latent prior to enhance the GAN’s
ability to accurately map these challenging OOD images back into its latent space,
even when the input data significantly deviates from the model’s training distribution.

In Chapter 3, we address the limitations of standard GAN inversion techniques,
which often fail due to a lack of local smoothness at the inverted point in the
latent space. To mitigate this issue, we introduce vicinal regularization in the latent
space through a novel approach called SPHInX (Style Projection Heads for Inverting
X) (Rakshith Subramanyam et al. 2022). This technique innovates by replacing the
conventional mapping function between the latent and style latent spaces with a style
projection head, which is proficient at generating meaningful representations for any
input derived from the latent space. This enhancement is aimed at improving the
effectiveness of GANs in solving complex inverse problems by ensuring more accurate
and stable image reconstructions.

The utility of SPHInX is demonstrated across a broad spectrum of applications,
showcasing its versatility and effectiveness in various challenging scenarios. It excels
in reconstructing out-of-distribution (OOD) images with exceptional fidelity. Beyond
simple reconstruction, SPHInX also enables semantically meaningful editing of OOD
images. Additionally, it adeptly tackles intricate inverse problems including denoising,
compressed recovery, and simultaneous inversion and attribute discovery. This marks
a notable evolution in the use of generative adversarial networks for inverse imaging
challenges, enhancing the precision and adaptability of GAN-based image processing

techniques.



1.4 Employing Vision Language Models (VLMs) to contextualize semantic shifts in

Visual Relationship prediction

When dealing with semantic shifts such as those found in long-tailed data distri-
butions, traditional image generative models often fall short, particularly in tasks
like classification where understanding the semantic content is crucial. In these cases,
multimodal foundation models that can jointly process and integrate image features
and semantic (textual) data offer a more effective solution. Vision-Language Models
(VLMs) are exemplary in this context, as they excel in learning an aligned embed-
ding space where image and text features converge, creating meaningful connections
between visual and linguistic elements. In this context, CLIP (Radford et al. 2021a)
has emerged as a powerful VLM that has been successfully employed in a variety of
tasks. However, CLIP faces challenges in practical reasoning tasks, such as Visual
Relationship Prediction (VRP), particularly due to its text embeddings’ limitations
in differentiating various predicates in subject-object pairings. To overcome these
limitations, in Chapter 4, we propose CREPE (Subramanyam, Jayram, et al. 2023),
which contextualizes the visual representations by obtaining a visually grounded text
representation.

Upon evaluation using the Visual Genome (VG) benchmark—a challenging dataset
for VRP—CREPE demonstrated remarkable results. It not only surpassed the baseline
performances of models like UV TranskE and VCTree but also achieved top-tier recall
rates. Moreover, CREPE exhibited impressive generalization capabilities on the Unrel
benchmark, effectively managing diverse and previously unseen predicate occurrences,

even though it was not explicitly trained on such data. This underscores CREPE’s



robustness and adaptability in learning and representing visual relationships, marking

it as a significant advancement in the field of visual-language modeling.

1.5 Describing model failures using vision language models

The strategies discussed previously are aimed at mitigating the failures of clas-
sification models to ensure their robustness. Understanding where and how these
failures manifest is crucial for developing effective solutions. Traditional approaches to
detect potential model failures often rely on uncertainty estimation techniques. These
methods utilize various metrics such as the confidence of model predictions, energy
scores, or entropy measures. However, these approaches are inherently limited by
their dependency on the model’s internal representations and knowledge, which can
ironically be the source of failure. Moreover, the often poorly calibrated nature of deep
models complicates the reliance on model predictions for diagnosing failures. While
such strategies can be effective in specific scenarios, they generally do not address
the broad spectrum of failure modes that can emerge at test time and typically lack
interpretability, which hinders our understanding and capability to rectify these issues.

In Chapter 5, we introduce a new holistic failure detection mechanism, Prior
Informed Model Evaluation (PRIME), which addresses a diverse range of failure
scenarios without solely relying on the model’s predictions. PRIME incorporates
knowledge from Vision-Language Models (VLMs) and features a novel training protocol
that develops the Prior-Induced Model (PIM). Unlike traditional methods, PIM
leverages early layer image features aligned with VLM embedding space using fine-
grained, class-specific text attributes. This enhances decision-making reliability by

computing similarity scores between image embeddings and text attributes to estimate
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class-level predictions. Post-training, we use discrepancies between the standard model
and PIM predictions as indicators of potential failures.

Additionally, the integration of VLM priors in PIM provides deeper insights into
the original model’s failure modes by analyzing attribute influences on predictions,
enhancing interpretability. Extensive benchmarking against various failure scenarios
like spurious correlations, image corruptions, and distribution shifts demonstrates

that our method outperforms all considered baselines.

1.6 Learning knowledge graph structures to solve few-shot learning

In Chapters 6 and 7, we delve into advanced strategies for enhancing the perfor-
mance of few-shot classification models, a domain where the challenge is to classify
objects from very limited examples. Few-shot classification problems necessitate
models that can quickly adapt to new tasks using only a handful of training samples.

While Large Language Models (LLMs) and Vision-Language Models (VLMs) have
significantly advanced few-shot and even zero-shot classification capabilities, their
effectiveness is often constrained to the distributions they were trained on. This
limitation underscores the need for approaches that can construct and utilize relevant
knowledge beyond the training distribution.

In such contexts, one promising approach is to develop separate, learnable compo-
nents that accumulate and utilize generalizable knowledge. This knowledge can then
be used to modulate the weights of a classification model tailored to a specific task.
This concept is frequently leveraged in meta-learning problems, where the goal is to
design models that can learn how to learn across tasks.

Meta-learning is exemplified by methods like Model-Agnostic Meta-Learning
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(MAML), which aims to train a model on a variety of learning tasks, such that
it can solve new learning tasks using only a small number of training samples. MAML
focuses on finding a model initialization that can be effectively fine-tuned in a few
gradient steps.

However, traditional meta-learning methods like MAML face challenges in general-
izability across diverse tasks. To improve this, newer methodologies like Hierarchical
Shot Meta-Learning (HSML) and Adaptive Risk Minimization Learning (ARML)
have been introduced. These methods enhance adaptability by incorporating knowl-
edge from prior experiences relevant to the target task, using an external knowledge
structure to optimize task adaptation.

Building on these advancements, we introduce Contrastive Knowledge-Augmented
Meta-Learning (CAML) (Subramanyam, Heimann, Jayram, Anirudh, and Thiagarajan
2023; Subramanyam et al. 2021), a novel approach designed to enhance the MAML
framework. CAML enhances the generalization capabilities of meta-learners by using
prototype graphs and an external meta-knowledge structure to create task-specific
embeddings, which then modulate the base learner’s parameters. Key innovations of
CAML include Contrastive Knowledge Distillation, which infuses prior knowledge into
the image embedding module to enrich task representations; a Parameter-free Task
Encoding Scheme that uses average pooling to generate robust task representations,
simplifying the model architecture; and a Moving Average-based Update Strategy that
continually updates the knowledge structure, encoding a broader range of experiences
and boosting the model’s adaptability. These enhancements collectively refine CAML’s
approach to meta-learning, providing a sophisticated method to tailor model behavior
to specific task requirements and past learning experiences, thereby significantly

improving few-shot classification performance.
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Chapter 2

TARGET-AWARE GENERATIVE AUGMENTATIONS FOR SINGLE-SHOT
ADAPTATION

Deep models tend to suffer a significant drop in their performance when there is a
shift between train and test distributions (Torralba and Efros 2011). A natural solution
to improve generalization under such domain shifts is to adapt models using data
from the target domain of interest. However, it is infeasible to obtain data from every
possible target during source model training itself. Test-time adaptation has emerged
as an alternate solution, where a source-trained model is adapted solely using target
data without accessing the source data. However, the success of these source-free
adaptation (SFDA) methods hinges on sufficient target data availability (Liang, Hu,
and Feng 2020; Yang et al. 2021). While there exist online adaptation methods such
as TENT (D. Wang et al. 2021) and MEMO (Zhang, Levine, and Finn 2021), they are
are found to be ineffective under complex distribution shifts and when target data is
limited, often producing on par or only marginally better results than non-adaptation
performance (Thopalli, Turaga, and Thiagarajan 2022).

In this chapter, we investigate a practical, yet challenging, scenario where the
goal is to adapt models under unknown distribution shifts with minimal target data.
Specifically, we focus on the extreme case where only single-shot example is available.
In such data scarce settings, it is common to leverage synthetic augmentations;
examples range from image manipulations to adversarial corruptions (Gokhale et
al. 2023). Despite their wide-spread adoption, the best augmentation strategy can vary

for different shifts, and more importantly, their utility diminishes in the single-shot
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Figure 1. SiSTA: Assuming access to both the classifier and a StyleGAN from the
source domain, we first adapt the generator to the target domain using a single-shot
example. Next, we employ the proposed activation pruning strategies to construct the
synthetic target dataset D,. Finally, this dataset is used with any SFDA technique
for model adaptation.

case. Another popular approach is to use generative augmentations (Yue et al. 2022),
where data variants are synthesized through generative models. Despite being more
expressive than generic augmentations, they require comparatively larger datasets for
effective training.

We propose SiSTA, a new target-aware generative augmentation technique for
SFDA with single-shot target data (see Figure 1). At its core, SiSTA relaxes the
assumption of requiring source data, and instead assumes access to a source-trained
generative model. We motivate and justify this assumption using a practical vendor-
client implementation in Section 2.2. In this study, we consider Styel GAN as the
choice for generative modeling, motivated by their flexibility in disentangling content
and style. Our proposed algorithm has two steps, namely SiSTA-G and SiSTA-S, to
fine-tune a source-trained StyleGAN with the target data, and to synthesize diverse
augmentations respectively.

Our contributions can be summarized as follows:

1. We propose a new target-aware, generative augmentation technique for single-

shot adaptation;
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2. We introduce two novel sampling strategies based on activation pruning, prune-
zero and prune-rewind, to support domain-invariant feature learning;

3. Using a popular SFDA approach, NRC (Yang et al. 2021), on augmentations
from SiSTA, we show significant gains in generalization over SoTA online adaptation;

4. By benchmarking on multiple datasets (CelebA, AFHQ, CIFAR-10, DomainNet)
and a wide variety of domain shifts (style variations, natural image corruptions), we
establish SiSTA as a SoOTA method for 1—shot adaptation;

5. We show the efficacy of SiSTA in multi-class classification using both class-

conditional GANs as well as multiple class-specific GANs.

2.1 Background

Source free domain Adaptation: In the standard setting of SFDA we only have
access to the pre-trained source classifier Fg : x — y but not to the source dataset
D, = {(x},y})}. Here, x! € X, and y’ € ) denote the i*! image and its corresponding
label from the source domain X,. Subsequently, the model needs to be adapted to a
target domain X, using unlabeled examples D; = {(x/}, where x] € X,. Note, the set
of classes ) is pre-specified and remains the same across all domains.

A number of approaches to SFDA have been proposed in the literature and can
be categorized into two groups: methods which perform adaptation by fine-tuning
the source classifier alone, and those that update the feature extractor as well for
promoting domain invariance. In the former category, adaptation is typically achieved
through unsupervised /self-supervised learning objectives; examples include rotation
prediction (Sun et al. 2020), self-supervised knowledge distillation (Liu and Yuan

2022), contrastive learning (Huang et al. 2021) and batch normalization statistics
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matching (D. Wang et al. 2021; Ishii and Sugiyama 2021). The second category includes
state-of-the-art approaches such as SHOT (Liang, Hu, and Feng 2020), NRC (Yang
et al. 2021) and N2DCX (S. Tang et al. 2021), which utilize pseudo-labeling based
optimization, and often require sufficient amount of data to update the entire feature
extractor meaningfully.

While SHOT is known to be effective under challenging shifts, it relies on global
clustering to obtain pseudo-labels for the target data, and in practice, can fail in
some cases due to the prediction diversity among samples within a cluster. The more
recent NRC (Yang et al. 2021) alleviates this by exploiting the neighborhood structure
through the introduction of affinity values that reflect the degree of connectedness
between each data point and its neighbors. This inherently encourages prediction
consistency between each samples and its most relevant neighbors. Formally, the

optimization of NRC involves the following objective:
£NRC = £neigh + Eself + ﬁexp + Ediv (21>

where L,gn enforces prediction consistency of a sample with respect to its neighbors,
while Lgei¢ attempts to reduce the effect of noisy neighbors and Ly, considers expanded
neighbhorhood structure. Finally, Lg4;, is the widely adopted diversity maximization
term implemented as the KL divergence between the distribution of predictions in a
batch to a uniform distribution. While SiSTA can admit any SFDA technique, we find
NRC to be an appropriate choice, since it updates the feature extractor and utilizes
the local semantic context to improve performance. This is particularly important
in the context of our rich synthetic augmentations, which exhibit a high degree of
diversity.

Generative Augmentations: It is well known that the performance of SFDA

methods suffers when the target dataset is sparse. To mitigate this, synthetic aug-
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mentations are often leveraged. While it has been found that data augmentation
can improve both in-distribution and out-of-distribution (OOD) accuracies (Steiner
et al. 2021; Hendrycks et al. 2021), their use in SFDA is more recent. Existing aug-
mentations can be broadly viewed in two categories - (i) pixel/geometric corruptions,
and (ii) generative augmentations. The former category includes strategies such as
CutMix (Yun et al. 2019a), Cutout (DeVries and Taylor 2017), Augmix (Hendrycks
et al. 2019), RandConv (Z. Xu et al. 2021), mixup (H. Zhang et al. 2018) and Au-
toAugment (Cubuk et al. 2019). These domain-agnostic methods are known to be
insufficient to achieve OOD generalization, especially under complex domain shifts.
To circumvent this, generative augmentations based on GANs or Variational Autoen-
coders (VAEs) have emerged. These methods involve training a generative model to
synthesize new samples (Yue et al. 2022). These augmentations have been used in
various tasks such as image-to-image translation and improving generalization under
shifts. For example, methods such as MBDG (Robey, Pappas, and Hassani 2021),
CyCADA (Hoffman et al. 2018), 3C-GAN (Rahman, Rahman, and Mahdy 2021) and
GenToAdapt (Sankaranarayanan et al. 2018) have leveraged generative augmentations
to better adapt to unlabeled target domains. However, by design, these methods
require large amounts of data from both source and target domains. In contrast,
SiSTA focuses on obtaining target-aware generative augmentations by fine-tuning
source-trained generative models using only a single-shot target sample.

StyleGAN-v2 Architecture: While significant progress has been made in generative
Al including StyleGANs and denoising diffusion models (Saharia et al. 2022), we utilize
StyleGAN-V2 as the base generative model in our work. This choice is motivated by
the flexibility that StyleGANs offer in producing images of different styles, which can

be attributed to the inherent disentanglement of style and semantic content in their
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latent space. Existing approaches works (Wu, Lischinski, and Shechtman 2021; Wu
et al. 2021) have studied this disentanglement property and uncovered the StyleGAN’s
ability to manipulate the style of an image projected onto the latent space by replacing
the latent codes corresponding to only style. Another recent study (Chong and
Forsyth 2021) reported that by leveraging such manipulations, one can perform style
transfer with a limited number of paired examples. Interestingly, it has also been
recently found (Wu et al. 2021) that, even after transferring a GAN to a different data
distribution (faces to cartoons), the latent space of the adapted GAN is point-wise
aligned with the source StyleGAN. We take inspiration from these works to develop
our single-shot GAN fine-tuning protocol as well as our novel sampling strategies to

enable domain-invariant feature learning.

2.2 Proposed Approach

In this section, we introduce SiSTA, a new target-aware, generative augmentation
strategy with the goal of improving domain adaptation of pre-trained classifiers using
single-shot target data. While SFDA methods are known to be effective under a
variety of distribution shifts, their performance hinges on the availability of a sufficient
amount of target data. In this work, we propose to relax SFDA’s assumption on
source data access by requiring a source-trained generative model (StyleGANs in our
study) to synthesize augmentations in the target domain, in order to enable effective
adaptation even under limited data. In particular, we consider the extreme, yet
practical setting where only 1—shot target data is available.

Figure 2 illustrates an implementation of such a setup where the source dataset,

classifier, and the pre-trained generator are available only on the vendor side. A client
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Algorithm 1 SiSTA-G

Input: Target sample x;, Number of training iterations M, Source generator Gy,
Inversion module &, Set of style layers L.

Output: Fine-tuned generator G;.

Invert the target sample to obtain w;” = £(x;);

for m in 1 to M do

— Generate random style latent rt;

— Perform style-mixing, i.e., replace style layers Ly of w;” with r;
— Generate image %; = G4(W;");
— Update parameters O; using equation (equation number or reference);

return: G, with parameters ©;,.

that wants to adapt the classifier to a novel domain submits the one-shot target data
and receives both the source classifier as well as the synthetic generative augmentations.
Finally, the client executes any SFDA approach to update the classifier using only
the unlabeled synthetic data. This implementation eliminates the need for the vendor
to share their generative model, while also minimizing the amount of client data that
gets shared.

As described earlier, SiSTA is comprised of two key steps that are carried out on
the vendor side: (i) SiSTA-G: Fine-tune a pre-trained StyleGAN generator G, using
single-shot target data {x;} under unknown distribution shifts.; and (ii) SiSTA-S:
Synthesize diverse samples D, = {)‘(i } using the fine-tuned generator G; to support
effective classifier adaptation to the target domain. Finally, we leverage the recently
proposed NRC method to perform client-side adaptation. Now, we describe these

steps in detail.
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Figure 2. A high-level illustration of our adaptation approach SiSTA, which is
carried out on the vendor side that stores the source classifier and a generative model.
Designed to support single-shot adaptation, SiSTA returns target-aware synthetic
augmentations. Finally, the vendor executes any SFDA technique to update the
source classifier using the synthesized augmentations.

2.2.1 SiSTA-G: Single-Shot StyleGAN Fine-Tuning

Our goal in this step is to fine-tune G4 using only the single-shot example x; from the
target domain to produce an updated generator G;. To this end, the proposed approach
first inverts x; onto the style-space of G;. In practice, this can be done using one of the
following strategies: (i) a pre-trained encoder such as Pixel2Style2Pixel (Richardson
et al. 2021) or E4E (Tov et al. 2021), which maps a given image into the style code
w; € RE>%12. This latent code corresponds to L intermediate layers of a StyleGAN
model (e.g., L = 18 in StyleGAN-v2); (ii) any standard GAN inversion technique to
infer an approximate solution in the style space (Xia et al. 2022); (iii) text-guided
inversion such as StyleClip (Patashnik et al. 2021) if the label is available for the single-
shot target image. Though conventional GAN inversion is known to be expensive, it

will not be a significant bottleneck with only a single image.
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Without loss of generality, the target domain is expected to contain distribution
shifts w.r.t. the source domain, and hence the inverted solution in the style-space
is more likely to resemble the source domain. For example, inverting a cartoon into
the style-space of a GAN trained on real face images will produce a semantically
similar image from the face manifold. Recent evidence (Rakshith Subramanyam et
al. 2022) suggests that one can accurately recover an OOD image using an additional
vicinal regularization to the inversion process. However, in our case, we do not
want an accurate reconstruction, but rather refine the generator G, to emulate the
characteristics of a target domain.

To this end, we utilize the following loss function defined on the activations from

the source-domain discriminator Hj:
O, = arg min ; [H(Gs(w/50)) — Hi(xe) [, (2.2)

where w; is the style-space latent code obtained via GAN inversion, ©; refers to
the parameters of the updated generator G; and H% denotes the activations from
layer ¢ of the discriminator H,. Intuitively, this objective minimizes the discrepancy
between the target image and the reconstruction from the updated generator. Note
that, the parameters of the discriminator are not updated during this optimization.
While any pre-trained feature extractor can be used for this optimization, the source
discriminator provides meaningful gradients by comparing both the content and style
aspects of the target image. Upon training, we expect the generator G; to produce
images resembling the target domain for any random latent code in the style-space.
An inherent issue with our objective is that, this optimization can be highly
unstable when using a single x;. To circumvent this, we leverage multiple, style-
manipulated versions of x; through a style-mixing protocol. More specifically, we

first generate a random code r* in the style-space (using the mapping network in
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StyleGAN). Next, we perform mixing by replacing the latent codes from a pre-specified
subset of layers Ly in w;” using the corresponding codes from r*. In effect, this
produces a modified image that contains the content from w;" and the style from r*.
We denote this style-manipulated latent using the notation W; . In each iteration of
our optimization, a different style-mixed latent code W;  is generated to compute the
loss in (2.2). Algorithm 1 summarizes the steps of SiSTA-G.

Choosing layers for style-mixing. We choose Ly by exploiting the inherent
style and content disentanglement in StyleGANs. Priors works (Wu, Lischinski, and
Shechtman 2021; Kafri et al. 2021; Karras et al. 2020) have established that the initial
layers typically encode the semantic content, while the later layers capture the style
characteristics. Since the exact subset of layers that correspond to style vary as the
image resolution changes, following standard practice, we used Ly = 8 — 18 when
G, produces images of size 1024 x 1024 and Ly = 3 — 8 for images of size 32 x 32
(CIFAR-10).

2.2.2 SiSTA-S: Target-aware Augmentation Synthesis

Once we obtain the target domain-adapted StyleGAN generator G;, we next
synthesize augmentations by sampling in its latent space. Despite the efficacy of
such an approach, the inherent discrepancy between the true target distribution
P,(x) and the approximate Q;(x) (synthetic data) can limit generalization. Existing
works (Kundu et al. 2020) have found that constructing generic representations (using
standard augmentations) is useful for test-time adaptation any domain. However, in
contrast, our goal is to produce augmentations specific only to a given target domain,

thus enabling effective generalization even with single-shot data.
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Algorithm 2 GAN Pruning and Style Transfer

Require: Target GAN Gy(.; 0;), Source GAN G,(.; ©;), Pruning strategy I', Pruning
ratio p, Set of style layers Ly

Ensure: Sampled image X;

Draw a random latent code w* from Gy(.; ©;)

for / in Ly do

e 3 ~ Uniform(0, 1) > Draw a Bernoulli random variable
o if 5 < 0.5 then

— Obtain layer ¢ activations h! from G,(w™)
— for vin 1 to V* do
* T, = p-th percentile of ht[:, :, v]
x if I' == prune-zero then
- htfi, j,v] = 0 if hili, j,v] < 1, V 4,3
* else
- Obtain activations h! from G,(w™)
- hi[i, j,v] = hlli, 5, 0] if hili,j,0] <7, Vi,j

return Image x; = Gy(w™; )

To this end, we propose two novel strategies that perturb the latent representations
from different layers of G; to realize a more diverse set of style variations. Both our
sampling strategies are based on activation pruning, i.e., identifying the activations in
each style layer that are lower than the p'® percentile value of that layer, and replacing
them with (i) zero (referred to as prune-zero); or (ii) activations from the corresponding
layer of the source GAN Gy (prune-rewind). The former strategy aims at creating a
generic representation by systematically eliminating style information in the image.
On the other hand, the latter attempts to create a smooth interpolation between the
source and target domains by mixing the activations from the two generators. Note,
we perform pruning only in the style layers, so that the semantic content of a sample
is not changed. Note, we use the same set of style layers selected for performing

SiSTA-G. Algorithm 2 lists the activation pruning step.
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Source Domain Image

Target-Domain
Sample

Fine-Tuning

‘ Prune-Rewind ‘ ‘ Prung-Zero ‘

Figure 3. Synthetic data generated using our proposed approach. In each
case, we show the source domain image and the corresponding reconstructions from
the target StyleGAN sampling (base), prune-zero and prune-rewind strategies.

2.2.3 SiSTA-mcG: Extending to class-conditional GANs

When dealing with multi-class problems, it is typical to construct class-conditional
GANs, G4(.;¢), to effectively model the different marginal distributions. In such
settings, images from different classes get mapped to disparate sub-manifolds in the
StyleGAN latent space. Assuming there are K different classes in ), we can directly
apply SiSTA-G using 1-shot examples from each of the classes. The only difference
occurs in the GAN inversion step, wherein we need to identify the conditioning variable
c along with the latent code w; . Note, if the labels are available, one can estimate
only w;". Finally, the algorithm 1 is repeated with K target images. We refer to this
protocol as SiSTA-mcG (multi-class generation).

However, when we perform SiSTA-mcG using only a subset of the classes (say only
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one out K), there is a risk of not incorporating target-domain characteristics into
the images synthesized for all realizations from the latent space. However, as we will
show in the results (Figure 5a), even using an example from a single class still leads
to significantly improved generalization. We hypothesize that this behavior is due to
the fact that the synthesized augmentations (random samples from G;) arise from

both X, and &}, thus emulating an implicit mixing between the two data manifolds.

2.3 Experiments

We perform an extensive evaluation of SiSTA using a suite of classification tasks
with multiple benchmark datasets, different StyleGAN architectures and more im-
portantly, a variety of challenging distribution shifts. In all our experiments, we use

single-shot target data and utilize publicly available, pre-trained StyleGAN weights.

2.3.1 Experimental Setup

Datasets: For our empirical study, we consider the following four datasets: (i) CelebA-
HQ (Karras et al. 2017b) is a high-quality (1024x1024 resolution) large-scale face
attribute dataset with 30K images. We split this into a source dataset of 18K images
and the remaining was used to design the target domains. We perform attribute
detection experiments on a subset of 19 attributes, i.e., each attribute is posed as its
own binary classification task; (ii)) AFHQ (Choi et al. 2020) is a dataset of animal
faces consisting of 15,000 images at 512x512 resolutions with three classes, namely cat,
dog and wildlife, each containing 5000 images. For each class, 500 images were used to

create the target domains, and the remaining was used as the source data; (iii) CIFAR-
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Figure 4. SiSTA significantly improves generalization of face attribute de-
tectors. We report the 1—shot SFDA performance (Accuracy %) averaged across
different face attribute detection tasks for different distribution shifts (Domains A,
B & C) and a suite of image corruptions (Domain D). SiSTA consistently improves
upon the baseline(source-only) and SoTA baseline MEMO in all cases.

10 (Krizhevsky, Hinton, et al. 2009) is also a multiclass classification dataset with
60000 images at 32x32 resolution from 10 different object classes. We use the standard
train-test splits for constructing the source and target domain datasets. While we
used the StyleGAN-v2 trained on FFHQ faces for our experiments on the CelebA-HQ
dataset!, for AFHQ and CIFAR-10 we obtained the pre-trained StyleGAN2-ADA

models? from their respective sources; and (iv) DomainNet (Peng et al. 2019a), a

1 https://github.com /rosinality /stylegan2-pytorch

https: //github.com/NVlabs/stylegan2-ada-pytorch
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large-scale benchmark comprising 6 domains namely Clipart, Painting, Quickdraw,
Sketch, Infograph and Real with each domain consisting of images from 340 categories.
For this experiment, we used the state-of-the-art StyleGAN-XL model (Sauer, Schwarz,
and Geiger 2022) trained on ImageNet (Russakovsky et al. 2015). Note, we used only
the subset of categories from DomainNet that directly overlapped with ImageNet
classes. To the best of our knowledge, this is the first work to report adaptation
performance with a single target image on DomainNet, and to use ImageNet-scale
StyleGAN-XL for data augmentation.

Target Domain Design: To emulate a wide-variety of real-world shifts, we employed
standard image manipulation techniques (we will release this new benchmark dataset
along with our codes) to construct the following target domains: (i) Domain A: We used
the Stylization technique in OpenCV with o, = 40 and o, = 0.2; (ii) Domain B: For
this shift, we used the PencilSketch technique in OpenCV with o, = 40 and o, = 0.04;
(iii) Domain C': This challenging domain shift was created by converting each color
image to grayscale, and then performing pixel-wise division with a smoothed, inverted
grayscale image; and (iv) Domain D: This shift was created using a different natural
image corruptions from ImageNet-C (Hendrycks and T. Dietterich 2019) typically
used for evaluating model robustness. In particular, we used the imagecorruptions®
package for realizing 6 different shifts, namely contrast, defocus blur, motion blur,
fog, frost and snow. We report our performance across all the domain shifts for the
different attribute detection tasks. Given the inherently challenging nature of Domain
C, we used that exclusively to evaluate the multi-class classifiers trained on AFHQ and
CIFAR-10 datasets. Finally, for DomainNet evaluations we considered Real photos as

the source domain and used each of the five remaining domains as the target.

3https://github.com/bethgelab/imagecorruptions
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Figure 5. Multi-class classification: (a) Left illustrates SiSTA-mcG with class-
conditioned GANs, (a) Right shows the performance of SiSTA, while the bottom plot
studies the performance of SiSTA with exposure to only a subset of classes from the
target domain. (b) Visualizes our approach for the AFHQ dataset where individual
class-specific generators are fine-tuned, and the bottom plot analyses SiSTA along
with baselines for this challenging dataset.

Evaluation methodology: (a) Source model training: The source model Fy is

obtained by fine-tuning an ImageNet pre-trained ResNet-50 (He et al. 2016a) with
labeled source data. We use a learning rate of 1le — 4, Adam optimizer and train for 30

epochs; (b) StyleGAN fine-tuning: We fine-tune G, for 300 iterations (M in Algorithm

1) using one-target image with learning rate set to 2e — 3 and Adam optimizer with
B = 0.99. These parameters were identified using the CelebA benchmark and we used

the same settings for all experiments; (c¢) Synthetic data curation: The size of the

synthetic target dataset D,, T, was set to 1000 images in all experiments. Note, in
section 2.3.3, we study the impact of this choice. Another important hyperparameter
is the choice of GAN layers for style manipulation: (i) layers 8 — 18 in StyleGAN-2;
(i) layers 3 — 8 in CIFAR-10 GAN; (iii) layers 10 — 27 in StyleGAN-XL. This selection
was motivated by findings from recent studies on style/content disentanglement in

StyleGAN latent spaces (Wu, Lischinski, and Shechtman 2021; Kafri et al. 2021;
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Karras, Laine, and Aila 2019). (d) Choice of pruning ratio: For all experiments, we

set p = 20% for prune-rewind and p = 50% for prune-zero strategies. Note, in section

2.3.3, we study the impact of this choice; (e) SFDA training: For the NRC algorithm,

we set both neighborhood and expanded neighborhood sizes at 5 respectively. Finally,
we adapt F, using SGD with momentum 0.9 and learning rate 1e — 3. All results that
we report are computed as an average of 3 independent trials; (f) For evaluation, we
report the target accuracy (%) on a held-out test set in each of the target domains.

Baselines: In addition to the vanilla source-only baseline (no adaptation), while there
exists a number of test-time adaptation approaches, we perform comparisons to the
state-of-the-art online adaptation method, MEMO (Zhang, Levine, and Finn 2021),
that enforces prediction consistency between an image and its augmented variants. In
particular, we implement MEMO with two popular augmentation strategies namely
Augmix and RandConv (Z. Xu et al. 2021). We choose MEMO as the key baseline,
since it is already well established that it is superior to other protocols like TENT
and TTT. Finally, for comparison, we report the Full Target DA performance as an

upper bound, i.e., when the entire target dataset (unlabeled) is used for adaptation.

2.3.2 Findings

Figure 3 illustrates the synthetic data generated for a target domain (pencil sketch)
using vanilla sampling (or base), prune-zero and (prune-rewind) strategies. More
examples can be found in Figure 8.

SiSTA comnsistently produces superior performance across different distribu-
tion shifts.

In Tables 2-10, the performance of SiSTA across different domain shifts (A, B, C,
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D) on the CelebA-HQ dataset is compared to the baselines for all the 19 attributes.
Furthermore, Figure 4 summarizes the average performance (across attributes and
multiple trials) for the CelebA-HQ dataset. We see that when compared to the source-
only baseline and the state-of-the-art MEMO, SiSTA yields average improvements
of 4.41%, 7.5%, 17.73% and 5.1% respectively for the four target domains. This
improvement can be directly attributed to the efficacy of our proposed augmentations,
which enable the SFDA method to learn domain-invariant features when adapting the
source classifier.

Additionally, utilizing the proposed activation pruning strategies reveal significant
gains under severe shifts over the naive sampling (base). For example, we see an average
improvement of 18% across different attributes in Domain C, when compared to the
state-of-the-art MEMO. In particular, we notice that for challenging attributes such as
bangs, blond hair, and gender, we obtain striking 26.1%, 29.6%, 33.9% improvements
over the source-only performance. This illustrates how our pruning strategy can create
generic representations that aid in an effective adaptation.

Failure cases: While SiSTA is generally very effective, there are a few cases where it
does not perform as expected. For example, with the Domain B results in Table 3,
we notice that for certain attributes (5’0 clock shadow, bald), we fail to improve over
the source-only performance (near-random performance), since it becomes challenging
to resolve those attributes under that distribution shift. Additionally, in Domain
C, we find that the performance of SiSTA (base) is sometimes greater than that of
SiSTA (prune zero), likely due to the excessive elimination of style information during
pruning. While this can be potentially fixed by adjusting the prune ratio or increasing
the number of augmented samples (see 2.3.3), this reveals some of the failure scenarios

for SiSTA.
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Table 1. Performance of SiSTA on the five different domains of the DomainNet Dataset.
SiSTA consistently improves over the Source Only and MEMO baselines even under
such complex domain shifts.

QuickDraw | Painting | ClipArt | InfoGraph | Sketch
Source only 9.23 62.25 58.55 28.45 43.86
MEMO (Augmix) 8.73 62.20 60.15 28.61 43.86
MEMO (RandConv) 8.04 61.91 99.23 28.02 43.52
SiSTA ( base) 11.78 63.53 60.98 31.61 47.54
SiSTA (prune-zero) 13.12 63.69 60.98 31.65 48.12
SiSTA (prune-rewind) 11.86 64.05 61.02 31.8 46.78
Full Target DA 16.27 68.99 69.55 31.77 55.09

SiSTA can handle natural image corruption. Natural image corruptions mimic
domain shifts that are prevalent in real-world settings. Surprisingly, we find that
our proposed SiSTA-S protocol is able to fine-tune the GAN even under such image
corruptions and lead to apparent gains in the generalization performance. More
specifically, we want the emphasize the two challenging corruptions, namely contrast
and fog, where the class discriminative features appear to be muted. Even under these
corruptions, as showed in Figure 4, SiSTA achieve average performance improvements

of 10.14% and 6.52%, respectively.

SiSTA is effective even with class-conditional GANs. In this experiment, we
study how SiSTA performs on CIFAR-10 adaptation, when we are provided with a
class-conditional StyleGAN. In this case, we use the SiSTA-mcG procedure to perform
GAN fine-tuning, which requires the GAN inversion step to identify both the latent
code as well as the conditioning variable. As illustrated in Figure 5a, we use 1—shot

examples from each of the 10 classes and synthesize T" = 1000 augmentations from
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SiSTA. Note, during sampling, we draw from the different classes randomly. We find
that, for the challenging Domain C target, SiSTA not only outperforms the baselines
by a large margin, but also matches the Full Target DA performance, while using
only a single-shot example. Furthermore, as argued in Section 3.3, using single-shot
examples from even a subset of classes can be beneficial. To demonstrate this, we
varied the number of classes from which target examples are drawn (1 to 10). We find
that, even with a single class example, SiSTA provides a large gain of 12.69% over
the source-only baseline. As expected, the generalization performance consistently

improves as we expose the model to examples from additional classes.

SiSTA can also be used with multiple class-specific GANs. In this study,
we examined the performance of SiSTA in a multi-class classification problem with
AFHQ, where we assume access to individual generative models for each class. Given
the inherent diversity within classes (different breeds of cats or dogs), it is sometimes
challenging to train a single StyleGAN for the entire data distribution. In such cases,
a separate generative model can be trained on source images from each of the classes.
However, the classifier is trained for a 3—way classification setting. In this case, we
perform SiSTA for each GAN independently using its corresponding example. As shown
in Figure 5b, we find that, even our base variant achieves 94.53%, outperforming the
source-only and baselines by large margins (14%). Our best performance is achieved

by prune-zero in this setting and it matches Full Target DA.

Even on large scale benchmarks such as DomainNet, SiSTA provides con-
sistent benefits. To study its performance on large-scale benchmarks, we tested
SiSTA on DomainNet that comprises a large number of object types and complex

distribution shifts (photo, quickdraw, painting, etc.). Given the diversity of objects
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Figure 6. Analysis of varying prune ratio p and the amount of synthetic target

domain data 7" used by SiSTA.

in this benchmark, we utilized the state-of-the-art StyleGAN-XL model trained on

ImageNet to perform SiSTA and studied the single-shot adaptation performance for

different target domains (real is the source domain). From Table 1, we find that

even on this benchmark, SiSTA (prune-zero) convincingly improves upon source only

baselines. For example, SiSTA provides about 4% improvements for Quickdraw and
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Figure 7. Effect of Toolbox augmentations on SiSTA. We present the performance
of SiSTA on Domains A, B, and C of the CelebaH(Q) dataset when images generated
by SiSTA are further enhanced with Augmix (Hendrycks et al. 2019). We observe
that toolbox augmentations can further improve the performance of SiSTA, and in a
few cases, SiSTA even surpasses the Full Target DA baseline.

Sketch domains. As with the other benchmarks, SiSTA is indeed competitive to the

Full Target DA baseline.

2.3.3 Analysis of parameter choices

The choice of prune ratio p. We investigate the effect of the choice for p in prune-
zero and prune-rewind using three face attribute detectors (Figure 6a). This parameter
influences the degree of generalizability of the synthetic target representations. For
prune-zero, higher pruning ratios (severe style attenuation), i.e., p between 80 — 90,
are found to significantly enhance performance when compared to lower ones. In the
case of prune-rewind, on the other hand, p regulates the amount of source mix-up
with the target domain. In this scenario, we see that a smaller p performs better, and
we recommend to set p between 5 — 20.

The choice of synthetic data size 7. We study the influence of the number of
augmentations 7" by varying it between 100 — 5000 and studying the performance of

prune-zero and prune-rewind on three attributes, as illustrated in Figure 6b. While
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prune-zero performs consistently for different values of T, it only makes limited
gains on average as the number of samples increases. On the contrary, we see a
significant boost in performance in prune-rewind in some of attributes. We remark
that prune-rewind is a sensitive technique due to the mix-up with the source domain;
increasing the number of the synthetic augmentations (along with low p) stabilizes
the performance and, in a few cases, even matches the performance of prune-zero.
Finally, we note that the performance variation across the independent trials is around
< 0.5%, thus indicating that the performance is consistent and not sensitive to the
sampling process.

Toolbox augmentations can further bolster SiSTA. In this study, we investi-
gated the benefits of using sophisticated toolbox augmentations such as Augmix for
SiSTA as well as for the source only baseline. From Figure 7, we observe a consistent
boost in performance for all the three variants of SiSTAwith average improvements
of 6%, 4.2% and almost 13.3% respectively. These results highlight the effective
complementary nature of SiSTA to toolbox augmentations. Furthermore, it is worth
noting that applying Augmix to the source-only methods does not lead to the same
level of improvements. This observation is consistent with the findings from (Thopalli,
Turaga, and Thiagarajan 2022), which noted that toolbox augmentations alone are

insufficient to enhance adaptation performance under real-world distribution shifts.

2.4 Examples of augmentations from SiSTA

In Figure 8, we show the augmentations synthesized by SiSTA for different domain

shifts and StyleGAN models.
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One-shot target Synthetic Source Synthetic target
samples samples samples

Prune-Zero Prune-Rewind

Figure 8. SiSTA generated augmentations on random samples drawn from the
style space of StyleGAN; The rows 1 to 9 correspond to different domain shifts in
CelebA-HQ and row 10 corresponds to AFHQ.
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2.5 Detailed results for our CelebA experiments

We provide comprehensive tables for the results discussed in Section 2.3. Tables

2-10 illustrate the performance of source-only, MEMO, and all the three variants of

SiSTA along with Full target performance.

Lipstick
Young

‘Wavy hair

5’0 clock shadow
IArched eyebrows|
Bald
Bangs

Blond hair
Eyeglasses
Makeup
Cheekbones
Mouth open
Eyes closed
Beard
Sideburns
Smiling
Straight hair

89.5 | 53.4 | 68.3 | 70.9 | 88.5 | 64.8

=
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83.2 | 55.3 | 89.5 | 80.7 | 80.4 | 93.2 | 88.2 | 58.1 | 82
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Source only

81.1 | 53.8 | 89.1 | 79.7 | 78.6 | 93.8 | 87.6 | 57.9 | 80.8 | 59.6 | 89.4 | 52.5 | 70.5 | 68.6 | 88.1 | 65.1

2
79.5 | 784 | 939 | 87.6 | 57.9 | 80.8 | 59.5 | 89.3 | 52.5 | 70.2 | 68.6 | 88 65
80 | 85.2 | 69.8 | 87.2 | 72.8 | 95.1 | 91.2 | 55.2 | 69.8 | 583 | 84.4 | 57 | 79.1 | 71.3 | 90.1 | 69.1
87.1 | 87.6 | 81.5 | 88.1 | 81.2 | 95.5 | 91.7 | 60.4 | 70.8 | 61.1 | 89.2 | 59.3 | 79.5 | 76.2 | 89.6 | 68.6
57.8 | 67.5| 585 | 87.3 | 59.2 | 78.6 | 742 | 89.3 | 60.6

MEMO (Augmix) 53.6

| @
©|©
o | o
=
=~
[

MEMO (Randconv) 53.7 64.5 | 81 | 53.7 | 89.1

SiSTA (base) 52.8 | 74.6 | 77
SiSTA (prune-zero) 55.2 | 78.2 | 76.3
76.6 | 70.1 | 85.6 | 83 78.2 | 87.1 76 95.2 | 91.6

SiSTA (prune-rewind) | 53.1

91.5 | 93 | 92.6 | 745 | 80.6 | 82.5 | 92.3 | 75.2

Full target DA 87 | 81.9 [ 923 | 93.5 | 90.1 | 97.3 | 89.3 | 87.1 | 97.4 | 92.7 | 72.5

Table 2. Performance of SiSTA on Domain A of the CelebA dataset.
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Source only 51 1505 | 67.2 | 50 | 74.2 | 54.2 | 54.6 | 80.2 | 78.6 | 52.1 | 63.9 | 54 | 76.9 | 50.1 | 65 | 50.4 | 63.3 | 55.5
MEMO (Augmix) 50 | 51.2 | 50.5 | 64.5 | 50 | 74.1 | 52.1 | 52.4 | 81.1 | 79 | 51.2 | 63 |50.8| 73.2 | 50 | 65.5| 50.2 | 58.6 | 55.6
MEMO (Randconv) 50 | 51.2 | 50.5 | 64.5 | 50 | 73.9 | 52.1 | 52.3 | 81.2 | 79 | 51.2 | 62.9 | 50.8 | 73.1 | 50 | 65.6 | 50.2 | 58.5 | 55.7
SiSTA (base) 50 73 | 50.2| 83.3 | 50.5| 67.8 | 77.6 | 56.3 | 86.5 | 82.5 | 56.7 | 56.1 | 50.1 | 77 | 51.7 | 72.6 | 56.3 | 80 | 58.1
SiSTA (prune-zero) 50.1|73.9 | 51.1 | 86.7 | 51.4 | 75.8 | 79.9 | 67.2 | 88.7 | 84.4 | 58.3 | 58.1 | 50.2 | 85.4 | 53.8 | 74 | 54.8 | 79.8 | 60.5
SiSTA (prune-rewind) | 50 | 73.4 | 50 | 84.7 | 50.2 | 75.2 | 75.5 | 57.1 | 85.9 | 82.9 | 54 | 54.5 | 50.1 | 78 | 52.7 | 72.8 | 56.3 | 73 | 56.3
Full target DA 71.6 | 71.7 | 72.6 | 89.9 | 584 | 94.2 | 81.9 | 785 | 92.2 | 88 | 63.9 | 84.3 | 83 | 8.4 | 686 | Tl | 68.6 | 86.7 | 71.2

Table 3. Performance of SiSTA on Domain B of the CelebA dataset.

2.6 Conclusion

In this chapter, we explored the use of generative augmentations for test-time

adaptation, when only a single-shot target is available. Through a combination of
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Beard
Earrings
Lipstick

Young

Sideburns
Smiling
Wavy hair

Bangs
Eyes closed

Straight hair

|Arched eyebrows
Bald
Blond hair
Eyeglasses
Gender
Mouth open

D
<ot
=1
©
N
(=2}
~
N
©

# |5’ clock shadow

64.5 | 79.7 | 63.4 | 93 | 688 | 79.9

©
2

91 | 904 | 87.8 | 97.2
88 | 87.1 | 91.3 | 90.6 | 89.8 | 97.8 | 90.8 | 65.3 | 774 | 62 |92.9| 70.6 | 80.8 | 63.9 | 91 | 755

=3
o
—
=}
%
>
o
©
S
%
IS
=

Source only

=N
<
o
~
o
HN
®
N
o

MEMO (Augmix)
MEMO (Randconv) 63.2 | 78.1

87.5 | 87.5 | 87.1 | 91.3 | 90.6 | 89.8 | 97.8 | 90.8 | 65.3 | 774 | 62 |92.9| 70.6 | 81 63.7 | 91

SiSTA (base) 85.6 | 80 |88.9 |89 912|769 8.8 ]| 79 |953|91.5|65.6|91.4|89.3| 875 | 65.2 | 82.4| 682 | 91.9 | 8

79.5 | 85.1 | 90.3 | 92.8 | 83.3 | 90.7 | 82.4 | 96.4 | 90.7 | 63.8 | 89.7 | 76.7 | 89.9 | 73.7 | 81.5 | 69.3 | 92.2
92.7 | 642 | 87.7 | 77.3 | 90.7 | 7T1.1 | 82.1 | 71.1 | 92.2 | 75.5

SiSTA (prune-zero) 85.1
SiSTA (prune-rewind) | 78.2 | 81.5 | 85.3 | 92.3 | 92.5 | 83.4 | 90.5 | 81.7 | 97.2
Full target DA 89.4 | 83 | 96.1 | 94 | 929|971 ]90.7 | 8 | 97.8 | 93.7 | 744 | 93.3 | 94.1 | 93.3

76.9 | 82.4 | 84.5 | 92.6 | 83.1

Table 5. Performance of SiSTA on Domain D (Defocus blur) of the CelebA dataset.
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Table 6. Performance of SiSTA on Domain D (Motion blur) of the CelebA dataset.
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Table 9. Performance of SiSTA on
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Table 10. Performance

StyleGAN fine-tuning and novel sampling strategies, we were able to curate synthetic
target datasets that effectively reflect the characteristics of any target domain. We
showed that the proposed approach is effective in multi-class classification using both
class-conditioned as well as multiple class-specific GANs. Our future work includes

theoretically understanding the behavior of different pruning techniques and extending

our approach beyond classifier adaptation.
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Chapter 3

STYLEGAN-V2 BASED INVERSION FOR OUT-OF-DISTRIBUTION IMAGES

In the past few years, generative adversarial networks (GANs) (Goodfellow et
al. 2014) have been shown to produce high-quality, photo-realistic images in a variety
of image synthesis and manipulation tasks (Karras, Laine, and Aila 2019; Harkénen
et al. 2020b; Brock, Donahue, and Simonyan 2019; G. Song et al. 2021). In particular,
the StyleGAN-v2 architecture and its variants (Karras, Laine, and Aila 2019; Karras
et al. 2020; Karras et al. 2021) have been used to synthesize very high resolution images.
At a basic level, StyleGAN-v2 learns to transform a latent vector z € Z C R%'? to
an intermediate latent code w € W C R5!2 through a mapping function (projection
head) f, which is then used to synthesize images.

The continued progress in training GANs has led to a surge in techniques that
can leverage deep generators as priors for ill-posed image inversion problems (Bora
et al. 2017; Anirudh et al. 2019; Daras et al. 2021). In this context, the problem of
accurately embedding a given image onto the latent space, often referred to as GAN
inversion, has gained significant research interest (Abdal, Qin, and Wonka 2019, 2020;
Daras et al. 2021; P. Zhu et al. 2020; Wulff and Torralba 2020; Kang, Kim, and Cho
2021). Furthermore, it has been demonstrated that the rich semantic information
encoded in the latent space of a pre-trained StyleGAN allows seamless editing of
images through controlled latent code manipulations (P. Zhu et al. 2020; Karras,
Laine, and Aila 2019).

Broadly, existing approaches for StyleGAN-based inversion perform a careful selec-

tion of the latent space for optimization (Z, W and their variants) and regularization
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techniques. Though existing inversion strategies have been successful with images
that are similar to the data used for training the StyleGAN (e.g., FFHQ faces),
embedding out-of-distribution images (e.g., an X-ray) onto the latent space is known
to be very challenging. To this end, Abdal et al. (Abdal, Qin, and Wonka 2019)
demonstrated that it is possible to invert out-of-domain images, e.g., car images, onto
the W+ space of a pre-trained StyleGAN. However, the perceptual quality of the
reconstructed images became poorer when non-face images were considered and this
can be attributed to the mismatch between the latent space prior and the OOD data.
Proposed Work. In this chapter, we introduce SPHInX (StyleGAN with Projec-
tion Heads for Inverting X), an inversion approach for accurately embedding any
arbitrary OOD image onto the latent space of StyleGAN-v2 (Karras et al. 2020).
We systematically study the behavior of different existing latent space optimization
strategies, using a broad suite of non-face image datasets, and show that they are
not very effective at reconstructing OOD images. We make a critical finding that,
by redesigning the projection head that maps between Z+ and W+, such that the
style latent variables corresponding to different intermediate layers in the generator
architecture are decoupled, one can significantly improve the inverse optimization
process. In a nutshell, SPHInX improves OOD image embedding by: (a) replacing the
existing mapping function f with a style projection head P; ;(b) introducing a content
projection head P, and leveraging the noise latent variables B ; and (c¢) adopting a
novel training strategy that enforces P, to consistently produce a meaningful solution
in the W+ latent space for any realization from P(Z+4), which in turn induces a
robust estimate of P(W+).

Contributions. (a) A new approach, SPHInX, for inverting OOD images onto the

StyleGAN latent space; (b) Design of a style projection head that maps between Z+
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and W+, to improve inversion with OOD data; (¢) Novel training strategy that induces
a robust local neighborhood in W+ for a given image; (d) Extensive empirical studies
on non-face image data to demonstrate the efficacy of SPHInX in reconstruction and
solving inverse problems (denoising, super-resolution and compressed sensing); (e)
Application of SPHInX to perform simultaneous inversion and attribute discovery; (f)

Our codes are can be accessed at https://anonymous.4open.science/r/SPHInX.

Ground Truth Ours 12S++ ILO Ground Truth Ours 12S5++ ILO

Figure 9. Comparing out-of-distribution reconstruction of SPHInX with
I2S++ (Abdal, Qin, and Wonka 2020) and ILO (Daras et al. 2021). Our
approach accurately inverts images onto the StyleGAN-v2 latent space across a variety

of datasets.

3.1 Background

GAN Inversion. This refers to the ill-posed problem of inferring a latent code or an
embedding z for an image in the latent space of a pre-trained generative model G. Such

an inversion technique can be utilized for semantic manipulation or solving restoration
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Table 11. StyleGAN-based inversion involves optimizing the latent spaces Z4,S, and
B in different combinations. Various optimization and regularization strategies have
been proposed in the literature to improve the efficacy of this inversion process.

Method Opt. Space | Add.
Regularization
Strategy
PGD (Karras, Laine, and Aila 2019) 2 -
PULSE (Menon et al. 2020) 2+ Latent space search
under

high-dimensional
Gaussian prior
ILO (Daras et al. 2021) (Z24,S8,B) | ¢1-ball constraint on
the manifold induced
by the previous layer
I2S (Abdal, Qin, and Wonka 2019) W+ -
Zhu et al. (P. Zhu et al. 2020) W+ PCA whitening on
transformed W+
space (referred as P)
IDInvert (J. Zhu et al. 2020) W+ In-domain
regularization using
domain-guided

encoder
PIE (Tewari, Elgharib, Bernard, et al. 2020) W+ Hierarchical
non-linear
optimization
Wulff et al. (Wulff and Torralba 2020) W+ Statistical priors on
W+ space
StyleFlow (Abdal et al. 2021) W+ -

StyleRig (Tewari, Elgharib, Bharaj, et al. 2020) W+ Self-supervised
two-way cycle
consistency loss

12S++ (Abdal, Qin, and Wonka 2020) W+, B) -

BDInvert (Kang, Kim, and Cho 2021) W+,S) P whitening and
semantic consistency
regularization

tasks such as in-painting and compressed sensing (Bora et al. 2017). Projected gradient
descent (PGD) (Abdal, Qin, and Wonka 2019; Anirudh et al. 2019; Abdal, Qin, and
Wonka 2019; Shah and Hegde 2018; Yeh et al. 2017; Raj, Li, and Bresler 2019; Mitra
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et al. 2023) is a commonly adopted strategy, which optimizes for a latent vector
that minimizes a discrepancy L(.,.) between the generated image G(z) and the given

observation I. Mathematically,
z" =argmin L(G(z),I)+R(.), (3.1)

where R(.) is an additional regularizer. Common choices for £ are: (i) pixel-wise
mean squared error (Lysg) and (or) (ii) learned perceptual image patch similarity
(Lrpips) (R. Zhang et al. 2018) which is a perceptual similarity metric based on deep

network activations (VGG-16 (Simonyan and Zisserman 2015)):

1
Lipips = Z H,W, Z wec(‘ﬁhwc - ‘IJZ;LwC))Qa (3.2)
¢

how,c
where (H,, W;) denotes the spatial size in layer £ and W* denotes the /*" latent layer
of the adopted classifier. Further, wy. corresponds to the channel-level scaling vector,
and I, I’ are the images being compared.
StyleGAN Preliminaries. At its core, StyleGAN (Karras, Laine, and Aila 2019;
Karras et al. 2017a) relies on a mapping network f that transforms an input latent
code z € R*'? sampled from a Gaussian prior P(Z) to a disentangled intermediate
latent code w € R%2 € W. The latent code w is then repeated N, = 18 times and
passed to the Adaln blockKarras, Laine, and Aila 2019; Huang and Belongie 2017 of
each of the layers in G. Differing from conventional generative models (Goodfellow
et al. 2014; Radford, Metz, and Chintala 2016), instead of directly passing z to the
first layer, StyleGAN uses a constant input s € R**4*512 (initially drawn at random
from a Gaussian prior P(S)) which is progressively transformed in every layer with
increasing resolution to synthesize the images. Additionally, StyleGAN employs a set
of noise inputs sampled independently from a Gaussian prior P(B), in every layer to

improve the overall textural quality.
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StyleGAN-based Inversion. Since pre-trained StyleGAN can be effectively lever-
aged as a prior for ill-posed image recovery and semantic editing, several StyleGAN-
specific inversion studies have emerged recently (Abdal, Qin, and Wonka 2019, 2020;
Daras et al. 2021; Menon et al. 2020; P. Zhu et al. 2020; Wulff and Torralba 2020).
While performing StyleGAN-based inversion, the choice of the latent space (Z, W and
their variants) along with additional regularization techniques adopted become critical.
Chapter 11 provides a comprehensive list of StyleGAN-based inversion strategies,
along with their choice of latent space optimization and regularization.

Abdal et al. (Abdal, Qin, and Wonka 2019) (Image2StyleGAN, or shortly 12S),
first investigated the efficacy of inverting an image onto the intermediate VW space
of StyleGAN. They made a crucial observation that the reconstruction quality can
be significantly improved by optimizing with an extended intermediate latent space
W+ C RNe¥512 where every w € W+ was obtained by stacking N, realizations
from P(Z) using the mapping f. In addition, they demonstrated that W+ offers
a higher degree of freedom to guide the inversion compared to the W. As an ex-
tension, Abdal et al. (Abdal, Qin, and Wonka 2020) identified that images can be
reconstructed with improved granularity by optimizing the noise space B along with
W+ (Image2Style GAN++, or shortly 125++). Wulff et al. (Wulff and Torralba 2020)
and Zhu et al. (P. Zhu et al. 2020), on the other hand, introduced statistical priors
over W+ to better control and regularize the inversion. Recently, Daras et al. (Daras
et al. 2021) proposed an optimization strategy that progressively included latent
variables from different layers of StyleGAN and optimized for latent codes in Z+ that
lie within an ¢; —ball around the manifold induced by the previous layer (Intermediate
Layer Optimization, or shortly ILO). Here, every z* € Z+ was obtained by stacking

Ny realizations from P(Z). However, these studies extensively focus on in-domain
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images (Karras et al. 2020). Although Kang et al. (BDInvert (Kang, Kim, and Cho
2021)) proposed out-of-range face image inversion by introducing an encoder-based
regularization on the generator feature maps, their approach is not applicable for
OOD images, without access to domain-specific encoders. We address this crucial gap

and investigate StyleGAN-based OOD image inversion.

3.2 Proposed Approach

3.2.1 Motivation

While existing approaches can effectively invert images by optimizing in the
extended W+ latent space (along with semantic and noise latent variables S and
B), their performance with OOD image data, e.g., non-faces, is found to be sub-
optimal (Abdal, Qin, and Wonka 2019). Given that the YW+ latent space contains rich
semantic information about in-domain images (for e.g., faces), the latent codes need
to be significantly altered in order to accurately reconstruct OOD images devoid of
in-domain artifacts. Despite the large number of degrees of freedom, the effectiveness
of W+ optimization could be limited by the initialization provided by the mapping
network f, which serves as a prior for in-domain specific styles (Karras, Laine, and
Aila 2019). As illustrated using a perceptual quality metric (LPIPS defined in Eq.
3.2) in Figure 10, the solution obtained by optimizing in the collection of latent
spaces (W+, S, B) of StyleGAN-v2 is highly non-robust for a CXR image. Even
minor perturbations to the solution (additive noise to achieve a target SNR in each
of the latent spaces) introduces irrelevant face-like features into the X-ray image.

This naturally motivates the need for novel optimization strategies that can provide
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Figure 10. Robustness of GAN inversion methods under latent space pertur-
bations. We show the perceptual quality of the reconstructed image (LPIPS defined
in Eq. 3.2) at different levels of noise perturbations (measured using signal-to-noise
ratio). For OOD images such as CXR, the resulting solution ((W+,S, B) in this
illustration) is highly non-robust that even a minor perturbation introduces face-like
features into the reconstruction. In contrast, SPHInX produces a solution that is
perceptually more accurate as well as robust under perturbations.

solutions that are more locally robust for OOD images, so that the algorithm can

stably converge even for severely ill-posed problems, e.g., compressed sensing.
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3.2.2 Optimization with Projection Heads

We propose to improve the StyleGAN inversion process by optimizing a projection
head that maps between Z+ and W+, instead of directly searching in either of the
latent spaces via gradient descent. Intuitively, this crucial modification requires the
inversion technique to transform the prior distribution P(Z+) into an appropriate
latent distribution P(WW+), such that any realization from P(W+), when passed
to the StyleGAN generator G will reconstruct the given image /. For example, in
the style latent space, the projection head P(.) takes a realization from P(Z+),
zt € Z+ C RN512 t6 produce a projected latent code wt € W+ C RNex512,

A naive way to implement this is to directly update the pre-trained mapping
function f to perform OOD inversion, without directly manipulating the latent
variables as done in all existing approaches. However, as showed in Figure 11, this
results in poor quality embeddings and reconstructions I that do not contain any of
the characteristics in the input image. One potential explanation for this behavior is
that the pre-trained f contains strong inductive biases for recovering face images and it
is non-trivial to adapt that function to severe OOD data. To validate this hypothesis,
we randomly re-initialized f and repeated the inversion experiment. Surprisingly,
this improves the optimization process and produces images that somewhat resemble
patterns found in an X-ray. However, we find that the quality of the reconstruction
is still far from being optimal. This can be attributed to the fact that, even with
in-distribution images, the inversion can be improved by individually controlling every
latent vector in w* (Richardson et al. 2021). Alternately, ILO (Daras et al. 2021)
used a fixed mapping f, but adopted a novel optimization strategy that progressively

included latent variables from different layers of StyleGAN and optimized for latent
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Input using pre-trained f  using untrained f ILO using P;

Figure 11. Design of the projection head. While re-purposing the pre-trained map-
ping function f from StyleGAN-v2 as the projection head fails completely, randomly
re-initializing f produces reasonable images. However, using the proposed projection
head Ps, which decouples the different latent spaces in W+, leads to significantly
higher quality reconstructions.

codes that lie within an ¢;—ball around the manifold induced by the previous layer.
However, the inherent lack of local robustness for OOD images in the YW+ latent
space makes such a progressive optimization also challenging. For example, as showed
in Figure 11, though the CXR reconstruction obtained using ILO looks significantly
better than using a randomly initialized mapping function f, from a closer look, we
notice that the image contains hair-like patterns instead of bone structure, indicating

the leakage of face-specific characteristics into OOD images.

To circumvent this challenge, we design the style projection head Py such that
it decouples the latent spaces for different layers in YW+. In other words, P, trans-
forms each z™ € Z+ into d—dimensional representations using a bottleneck block of
MLP layers. Subsequently, N, different decoder blocks (again a set of MLP layers)

independently provide the corresponding mapping w € W+, using the bottleneck
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Figure 12. Behavior of the projection head. We demonstrate our ability to
approximate P(W-+) by generating 1000 realizations of P.(z") and visualizing the
distribution of pairwise distances between the resulting w's in each layer. Interestingly,
the reconstructions corresponding to the 1000 realizations are perceptually very similar,
thus indicating a stable convergence of SPHInX.

Ralalali AT
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Figure 13. Interpolating in the StyleGAN-v2 latent space. Similar to our
observation in Figure 10, a latent walk between two different X-ray images produces
face images, when a conventional GAN inversion method is adopted. On the other
hand, SPHInX produces highly plausible realizations as we transition between the
the two inputs.

representation as input. Note that, while each zT € R*'? and w' € R%2, the choice of
bottleneck dimension d is not very sensitive and we used d = 16 in all our experiments.

Interestingly, using the proposed projection head (randomly initialized) and optimizing
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with different realizations of z* from P(Z+) in every iteration of the optimization
process, we are able to obtain an accurate estimate of P(WW)+ for a given image. As
illustrated in Figure 11, this results in a high-fidelity reconstruction of even OOD
images using a pre-trained StyleGAN-v2.

In addition to the input latent space, StyleGAN also uses a content latent space
s € 8§ C R¥512 {0 represent the semantic structure (referred to as content) of
the in-domain images, and is optimized during the training of the generator. When
inverting an image, which can potentially contain unrelated structure, the direct
adoption of the pre-trained content input from StyleGAN can be ineffective. Hence,
it is common to include S to the collection of latent variables that we optimize (Y.
Wang et al. 2020; Kang, Kim, and Cho 2021). Based on our intuition about utilizing
projection heads for OOD image inversion, we also introduce a content projection
head P, to directly parameterize the content input (randomly initialized using a
Gaussian prior in lieu of the pre-trained content tensor). Finally, following the findings
from ILO (Daras et al. 2021), we also include single channel Gaussian noise inputs
(B) from StyleGAN-v2, corresponding to each layer of the synthesis network, in our

optimization to improve the perceptual quality of the reconstructed images.

3.2.3 Observations

In contrast to existing approaches (Abdal, Qin, and Wonka 2019; Daras et al. 2021),
SPHInX replaces the mapping function f in StyleGAN-v2 using a projection head
Ps : Z+ — W+, which is optimized for different realizations of z* ~ P(Z+) in
every iteration. Using such a strategy, we are able to obtain an accurate and a

robust estimate of P(W+) for a given image. To demonstrate this, after SPHInX
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training, we generated 1,000 realizations of {P.(z1),Vz" ~ P(Z+)} and visualize the
distribution of pairwise distances between the resulting w’s in each layer in Figure
12. While the varying widths of the densities indicate that there are different levels
of sensitivity in each of the layers, the reconstructions corresponding to all 1000
cases represents minimal deviation in their perceptual quality. This clearly evidences
the stable convergence of SPHInX to an accurate solution even for OOD images.
Consequently, as showed in Figure 10, the embeddings from SPHInX are more robust
to local perturbations. Finally, we try to interpolate between two images I; and I
in the StyleGAN latent space using their corresponding embeddings w{ and w;,
i.e., w; = aw; + (1 — a)wy, where a € [0,1]. In comparison with the W+, S, B)
baseline, as illustrated in Figure 13, we find that our proposed approach produces a

meaningful transition without introducing any in-domain characteristics.

3.3 Experiment Setup

3.4 Out-of-Distribution Image Reconstruction

Corroborating the observations from Figure 9, Figures 14 - 14 illustrate the out-
of-distribution image reconstruction performance of SPHInX over the baselines. For
each dataset, we show the median, along with the 25" and the 75" percentiles, of the
metrics obtained from 50 randomly chosen images. We find that SPHInX consistently
outperforms the baselines across all datasets, thereby demonstrating its efficacy in
OOD inversion. Interestingly, the performance of state-of-the-art approaches such
as 1254+ (referred as (W+,S)) and ILO (equivalent to (Z+,S, B) when the ¢;-ball

constraint is removed) are very similar across all metrics, and consistently lower
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Figure 14. Comparison of OOD image reconstruction performance. Through
the use of style and content projection heads, along with a novel training strategy, we
find that SPHIn X consistently outperforms the baseline methods in all the metrics
(LPIPS], PSNRT and SSIM?) across the datasets.

than SPHInX. Comparatively, the (W+,S, B) baseline (not reported so far in the

literature) is the second best approach for OOD inversion.

3.5 Ill-posed Image Restoration

Next, we evaluate SPHInX on a suite of ill-posed image restoration tasks (Daras

et al. 2021). For all tasks considered, we utilized a deterministic corruption function

that operates upon the true image I to produce the observation I’. It must be noted
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Figure 15. Comparison of SPHIn X against different baselines in ill-posed
image restoration. Even in the absence of image-specific priors, we observe that
SPHInX effectively recovers the true image, as evidenced by the improvement in the
PSNR? and LPIPS| metrics.

Ground Truth Ours (W+,8,B) Ground Truth Ours (W+,8,B) Ground Truth Ours (W+,8,B)

Figure 16. Reconstructed images from ill-posed inversion. (left-right) denoising
at noise std = 0.3, super resolution at downsampling factor = 8 (rows 1, 2), and
16 (rows 3, 4), and compressed sensing at 1% measurements. In each we show the

ground truth image along with the reconstructions from the (W+,S, B) baseline and
SPHInX.

that the inverse optimization is only exposed to the observation I’, while the true
image I is only used for evaluation.
Denoising. Our goal is to recover a clean image given its corrupted observation. We

added known Gaussian noise to every image I to synthesize I’ and clipped the observed
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Figure 17. Simultaneous image inversion and attribute discovery. SPHIn.X
can learn meaningful attribute directions - rotation (first row), brightness (second row)
and zoom (last row) - by simultaneously inverting an image along with its realizations
that differ by the attribute. By varying the scale of traversal o along the inferred
direction, we observe that SPHInX effectively produces realizations reflective of the
learned attribute. In each case, the input images are marked with a red arrow.

image to the range [—1,1]. The loss function is a combination of mean-squared error

(MSE) and LPIPS between the generated and true observations (G(w™) and I).

Super Resolution. This refers to the ill-posed problem of increasing the resolution of
an observed low-resolution. For this task, we synthesized I’ by downsampling (bi-cubic
interpolation (Daras et al. 2021)) the true image I with a known factor. Note, we
perform the same downsampling operation to the generated image from StyleGAN-v2
before loss computation. For this optimization, we used both MSE and LPIPS losses.
We did not include the geodesic loss contrary toMenon et al. 2020; Daras et al. 2021
as it provided poor quality results for OOD images.

Compressed Sensing. This task seeks to reconstruct an image from a small number

of linear and non-adaptive measurements. For this task, following (Daras et al. 2021),
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we generated observations of random projections using partial circulant measurement
matrices with random signs and a known percentage of measurements. It must be
noted that, we use the same measurement process, as that of the true image, with the
StyleGAN-v2 reconstruction before evaluating the loss function. For the optimization,
we minimized the MSE loss between the generated and the true observations.

Findings. Figure 16 provides a visual comparison of the restored images using
SPHInX and the best-performing baseline W+, S, B) across the three restoration
tasks. Figure 15 reports the metrics aggregated across 10 different examples and
varying levels of corruption severity. More specifically, we show the mean and standard
deviation for each of the metrics in each case. For the task of denoising, we measured
the performance over increasing noise strengths (std) in the range [0.20,1]. With
super-resolution, we measured performance over a range of downsampling [2, 128],
where a factor of 128 implies that the observed image will be of size 8 x 8. Finally,
for compressed sensing, we varied the factor (%) of measurements in the range of
[1,5]. It can be observed that SPHInX consistently outperforms the baselines (higher
PSNR and lower LPIPS) under most of the restoration tasks. However for the task of
denoising, under very high noise strengths, SPHInX exhibits a behavior similar to

the other baseline methods.
3.6 Simultaneous Image Inversion with Attribute Discovery
A desired property of any GAN inversion algorithm is that the latent codes can
be semantically manipulated for downstream applications such as style transfer and

attribute discovery Voynov and Babenko 2020; Harkonen et al. 2020a; Plumerault,
Borgne, and Hudelot 2020; Jahanian, Chai, and Isola 2019; T. Wang et al. 2021.
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However, when inverting OOD images onto the GAN latent space, the mismatch
between the latent space prior and the OOD image makes it significantly hard
to meaningfully manipulate the latent codes. Hence, we introduce a new inverse
optimization problem to evaluate GAN inversion techniques. Given an image I along
with its K variants that differ by a single attribute (for e.g., rotation), our goal is to
simultaneously invert all K + 1 images using a starting point w; in the latent space

RNZXMQ

for embedding I and local direction vectors in each of the layers, D € , along

which the remaining K variants can be accurately embedded. Formally,

. . “ . D
8y 00+ (6wt 4 enpp ) 1)
where {ay} refers to the set of scaling parameters for each of the K images. Upon
training, we expect the generator to synthesize manipulations pertinent to the learned
attribute by traversing along D from w; .

Setup. In this study, we considered three different image transformations: (i) rotation,
(ii) brightness and (ii) zoom and synthesized K = 3 different variants for each image
by manipulating the chosen attribute.

Findings. Figure 17 illustrates the results from SPHInX corresponding to all three
attributes. The images are generated by traversing the learned direction vector D
by varying a. Our results show that, SPHInX can accurately recover directions
corresponding to specific attribute changes in the StyleGAN latent space. This

experiment clearly establishes SPHInX as a powerful GAN inversion method for

challenging inverse problems with OOD data.
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3.7 Conclusions

In this chapter we presented SPHInX, a new approach for solving ill-posed in-
verse problems with pre-trained StyleGAN-v2. Through the use of carefully designed
projection heads for style and content latent spaces, and a novel training strategy,
SPHIn X produces accurate and robust embeddings for even arbitrary OOD images.
With extensive empirical studies with multiple datasets, we demonstrated significant
performance improvements in embeddings high-resolution OOD images as well as
ill-posed tasks such as denoising, super resolution and compressed sensing. Compared
to state-of-the-art approaches such as 12S+-+ (Abdal, Qin, and Wonka 2020) and
ILO (Daras et al. 2021), we find that SPHInX stably converges to meaningful embed-
dings in the latent space and effectively avoids leakage of face-specific characteristics
into the reconstructions. In summary, our study clearly evidences the utility of
StyleGAN as a strong image prior even in domains where collecting large datasets for

training custom generative models is infeasible.
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Chapter 4

EXPLORING THE UTILITY OF CLIP PRIORS FOR VISUAL RELATIONSHIP
PREDICTION

In this chapter, we study the problem of accurately estimating the relationship
between objects in a scene. While it is common to leverage image features (e.g.,
extracted using an object detector), state-of-the-art visual relationship prediction
(VRP) methods adopt sophisticated graphical models, comprising both image features
and text descriptors (D. Xu et al. 2017; Zellers et al. 2018; J. Yang et al. 2018; K.
Tang et al. 2019). In this context, one might expect multimodal joint embeddings
such as CLIP (Radford et al. 2021a) to be beneficial. However, recent research (Zhao
et al. 2022) finds the language priors from CLIP to be limiting for practical reasoning
tasks. We make a similar observation about VRP that CLIP’s text embeddings are
insufficient to distinguish between different predicates relating a subject-object pair,
e.g., horse-grass. In Figure 19, we visualize the cosine similarities between the CLIP
embedding of the query image and CLIP embeddings of text descriptors constructed
using different predicate choices, i.e., <horse,predicate, grass>. Interestingly, CLIP
suggests in front of, growing on and eating as plausible predicate choices. This

naturally raises the question: can we leverage CLIP for VRP, and if so, how?

To this end, we introduce CREPE (CLIP Representation Enhanced Predicate
Estimation), which utilizes learnable prompts and a novel contrastive training strategy
to infer reliable CLIP representations for union boxes (obtained by combining subject

and object bounding boxes). Note, CREPE can be used with any existing VRP method
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in front of sitting on wears in front of sitting on wears
riding under riding under

Figure 18. T-SNE visualization of the predicate representations from UVTransE
trained with: (left) CLIP-based image embeddings for subject, object and union
box regions; (right) CLIP-based image embedding for the union box, along with
CLIP-based text embeddings for subject and object boxes.

(e.g., UVTransE, VCTree) and in practice, leads to superior generalization. We find,
with these union box representations, one can effectively infer visual predicates even
using naive CLIP text embeddings for the subject and object boxes (i.e., object
labels).

Through rigorous experimentation on the Visual Genome (VG) benchmark, we
show that incorporating CREPE into the vanilla implementations of UVTransE and
VC'Tree improves their performance significantly, without needing additional training
strategies or calibration techniques. Remarkably, CREPE achieves state-of-the-art
mr@K performance in the challenging setting of low values of K with minimal
degradation in performance. For example, with UVTransE, CREPE achieves mR@5 =
27.79 and mR@20 = 31.95. Finally, CREPE also reveals strong generalization to diverse
and previously unseen predicate occurrences from the Unrel benchmark, despite lacking

explicit training on such examples.
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Figure 19. CLIP embeddings are insufficient to distinguish between dif-
ferent predicate choices in VRP. We plot the cosine similarity between CLIP
embedding of the query image and CLIP text embeddings for different predicates
(<horse,predicate,grass>).

4.1 Related work

Visual relationship prediction is central for scene graph generation and to enable
situational awareness in navigation and surveillance tasks. A large class of VRP
methods can be found in the literature, and they differ in terms of the model used
for representing the triplet <subject,predicate,object> and the training strategy
adopted (e.g., loss function, handling long tail bias etc.). Popular examples include
IMP (D. Xu et al. 2017) that uses a graph neural network to capture higher-order
dependencies and contextual information, UVTransE that adopts a translational
embedding model, MOTIFS (Zellers et al. 2018) that employs a frequency-based
calibration technique, Graph RCNN (J. Yang et al. 2018) that uses a novel architecture

to integrate object detection and relationship classification, and VCTree (K. Tang
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et al. 2019) that uses dynamic tree structures to capture the local and global visual
contexts.

While both vision and language features are exploited by the aforementioned
methods, more recently, the use of vision-language models (VLM) in VRP has also
been explored. For example, Yu et al. (Q. Yu et al. 2023) utilize image-caption pairs
from external datasets (COCO, CC3M) along with a pre-trained VLM to augment the
Visual Genome dataset with fine-grained predicates. On the other hand, RelCLIP (Y.
Zhu et al. 2022) leverages a pre-trained CLIP model to decouple each triplet into
subject-predicate and object-predicate embeddings, thereby improving the alignment
between a predicate and the visual features. In contrast, CREPE performs image-
conditioned prompting with CLIP to obtain more reliable representations for union
boxes, while not requiring any additional data. Consequently, CREPE is flexible enough

to be incorporated into any existing VRP method.

4.2 Proposed Approach

The goal of visual relationship prediction is to predict the interaction between a
pair of objects in an image. Such relationships can be spatial, action-based, semantic,
or comparative in nature and are commonly represented as triplets in the form of
<subject,predicate,object>, for example <person,riding,bike>. Our key objective
is to leverage the inherent priors in CLIP to improve the performance of any VRP
method.

Most existing VRP methods require feature representations for the subject and
object bounding boxes as well as the union box obtained by combining the two.

While it is straightforward to obtain image-based (e.g., latent features from an object
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Figure 20. Incorporating CREPE into UVTransE. An illustration of how UVTransE
can be implemented with CREPE training. CREPE uses learnable context vectors along
with image-conditioned bias correction to obtain visually grounded text descriptors for
an union image. Note, the CLIP backbone is used to both perform the optimization
for text prompt generation as well as producing the embeddings (s_txt, o_txt, u_img).

detector), text-based (e.g., text embeddings for the object labels) or even hybrid (i.e.,
text + image) representations for the subject and object regions, constructing reliable
descriptors for the union box is challenging. Our work focuses on leveraging CLIP to
construct these representations, with the goal of improving the robustness of VRP

methods.

Union Bounding Box Representations. At the outset, a straightforward ap-
proach is to compute CLIP image embeddings for the union boxes; however we
find that it provides no apparent benefits over image features from a pre-trained
object detector. Hence, an alternative approach is to construct or even automatically

learn a meaningful text prompt for the union box (Liu and Chilton 2022). Even
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with the powerful visual grounding that CLIP enables, such prompts are not guar-
anteed to sufficiently distinguish between different predicates (see Figure 19). To
address this, CREPE proposes to construct prompts for union images (in the form
<subject, learnable — text — tokens,object>) through a novel contrastive training
strategy, which jointly leverages CLIP priors and also promotes maximal separation
between predicates.

The learnable text tokens [vy, - - ,vy] are randomly initialized in the CLIP’s token
embedding space, with these M vectors being updatable during training. Using these

M
M, — o4}, where

tokens, we construct the text prompt for a union image as {s; — {v;}
s; and o; are the subject and object token embeddings. While these context tokens
are the same for all cases, we adopt an approach similar to recent methods (Zhou
et al. 2022; Khattak et al. 2023) by incorporating image-conditioned biases during
prompt learning. More specifically, we construct a non-linear MLP hy(.) that takes
the CLIP image embedding for a union bounding box as input and outputs the bias
invalid = hg(Uimg). In other words, each of the M learnable text tokens are refined with
the image-conditioned bias as v,, = v,;, + invalid. We refer to the prompt generation
process as g4(.), where the learnable parameters ¢ correspond to the context tokens
{vin} and parameters 6 of the MLP hy.

CREPE training involves a cross-modal retrieval strategy, where we first generate a
pseudo label for each union image, and subsequently leverage that as the negative
sample for the constrastive objective. Specifically, we construct a vocabulary of all
potential <subject,predicate,object> triplets in the visual genome (VG) benchmark
and select the most similar triplet for each union image based on cosine similarity

of CLIP embeddings. Formally, the CLIP image embedding of the union bounding

box is denoted as ujye, and the CLIP embedding for the learned text prompt as
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Figure 21. Performance evaluation of CREPE. (left) We study the utility of CREPE
with two popular VRP methods, UVTransE and VCTree, on the Visual Genome (VG)
benchmark using the mean Recall@K (mRQK) metric. The best performing method
is highlighted in red, while the second best is in blue; (right) We show the R@Q50
performance for each of the predicate classes obtained using UVTransE, along with
the frequency of occurrence. The recall values are shown as dotted lines, while the
frequencies are displayed as blue bars.

Utxt = CLIPtxt (g¢(stxt, Otxt s uimg)) . We adopt the following contrastive objective to

infer the parameters ¢:

exp (sim(uimg7 Utxt ))

exp (Sim(uimg, Utxt)) + exp (Sim(uimg, fltxt)) '

L = —log (4.1)

Here, sim denotes the cosine similarity and iyt is the CLIP-text representation for
the pseudo labels obtained via cross-modal retrieval with the VG triplet vocabulary.
Intuitively, this optimization encourages text prompts that can more appropriately
describe the content of the union image compared to its pseudo-label. Upon completion
of this contrastive training process g,(.), we incorporate the CLIP-text embedding for
the object labels of subject and object, and that of the union box prompt into any
VRP method (e.g., UVTransE, VCTree).

66



4.3 Experiments

4.3.1 Setup

We evaluate our approach on Visual Genome (VG) (Krishna et al. 2017), which has
108,077 annotated images with 150 unique object categories and 50 unique predicates.
Our train, test and val splits had 57,772, 26440 and 5000 images. For evaluation, we
predict relations between entities using ground truth bounding boxes and labels. We
employ the Mean Recall@K (mR@K) metric, specifically focusing on smaller K values
for better real-world relevance, and report results for K = [5, 10, 15, 20, 50].
Implementation Details: CREPE’s hy(.) employs a 2-layer MLP: FCN -> ReLU ->
FCN. g4(.) training uses SGD with LR 2e—3 for 500 epochs. Following conventional
practice, we train our models with a no-relation class but exclude it in the recall
metrics computation. The baseline models uses frozen Faster R-CNN (Ren et al. 2015)
for visual embeddings, following established practices (K. Tang et al. 2019; K. Tang
et al. 2020; Zellers et al. 2018; Tianshui Chen et al. 2019). In our implementation, we

employ the CLIP ViT-B/32 model, which remains frozen throughout our process.

4.3.2 Results

We implemented CREPE with UVTransE and VCTree, two prominent methods
in visual relationship prediction, and present a comparative analysis in Figure 21.
It is worth emphasizing that our work is the first to report mR@5, 10, 15, and

therefore, the results of other methods at these values are not available. In Figure 21,
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Ground Truth: <mountain, with, snow> : ‘ ] Ground Truth: <light, on, truck>
! mountain covered in snow P : F light on back of truck
Prediction 2: mountain with snow L.l — |Prediction 2: light from truck
Prediction 3: mountain in snow Prediction 3: light on truck

Prediction 4: mountain holding snow Prediction 4: light mounted on truck
Prediction 5: light between truck

Prediction 5: mountain has snow

Ground Truth: <flag, on, pole>

flag hanging from pole

Prediction 2: flag attached to pole

Prediction 3: flag mounted on pole
Prediction 4: flag over pole

= |Prediction 5: flag from pole

Ground Truth: <elephant, has, leg>
elephant has leg
Prediction 2: elephant standing on leg
Prediction 3: elephant between leg
Prediction 4: elephant covering leg
Prediction 5: elephant with leg

Ground Truth: <bear , has, head> Ground Truth: <bowl, sitting on, table>
bear has head bowl sitting on table
Prediction 2: bear with head Prediction 2: bowl on table
Prediction 3: bear between head Prediction 3: bow! laying on table
Prediction 4: bear says head Prediction 4: bowl above table
Prediction 5: bear lying on head Prediction 5: bowl! from table
Ground Truth: <nose  , on, boy> ] Ground Truth: <man , riding,
nose of boy surfboard>
Prediction 2: nose belonging to boy man carrying surfooard
Prediction 3: nose on boy - |Prediction 2: man using surfboard
Prediction 4: nose on back of boy | Prediction 3: ' man standing on surfboard
| |Prediction 5: nose attached to boy Prediction 4: man lying on surfboard

Prediction 5: man riding surfboard

Figure 22. Qualitative Results from UVTransE with CREPE. Each sub-figure
shows the relationship between a subject (yellow box) and an object (green box),
accompanied by the top five predictions. Correct predictions are highlighted.

UVTransE (visual only) utilized image only representations from the object detector,
while UVTransE (visual & language) combines image and text embeddings.

Key Findings: CREPE leads to significant performance gains over the vanilla imple-
mentations of UVTransE and VCTree methods. In particular, CREPE with UVTransE
achieves an mR@20 score of 31.95, which is an improvement of 4.25 percentage points
(or 15.3% relative gain) compared to the second-best performing method, VCTree
with SCR bias correction. More impressively, mR@Q5 performance of our method at
27.79 surpasses even the previously best mR@20 performance (via VCTree) as shown
in Figure 21 (left). Hence, there is no degradation in quality at much smaller recall
thresholds, underscoring the effectiveness of our approach. Figure 21 (right), shows

that CREPE exhibits superior performance even in the tail predicates, when compared
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to the vanilla UVTransE implementation. This highlights how CREPE representations
lead to improved generalization behavior.

Figure 22 demonstrates the quality of predictions with CREPE. For instance, with
the first example, for the ground truth <mountain,with, snow>, the top prediction
from UVTransE + CREPE is <mountain, covered in,snow>. However, we note that
it matches the ground truth with its second prediction. Other examples similarly

demonstrate CREPE’s ability to handle diverse types of images and relations.

F | 5B [ Ground Truth: <car on the top of bus> Ground Truth: <elephant cover car>
~ P car behind bus elephant standing on car
A . - LSS S Prediction 2: car near bus Prediction 2: elephant in front of car
2,  |Prediction 3: car in front of bus Prediction 3: elephant between car
. |Prediction 4: car parked on bus Prediction 4: elephant with car
¥ |Prediction 5: car across bus Prediction 5: elephant near car
Ground Truth: <person in cart> Ground Truth: <person in refrigerator>
person sitting on cart person sitting on refrigerator
Prediction 2: person lying on cart Prediction 2: person at refrigerator
Prediction 3: person on cart Prediction 3: person lying on refrigerator
Prediction 4: person walking on cart Prediction 4: person behind refrigerator
Prediction 5: person laying on cart Prediction 5: person between refrigerator
Ground Truth: <horse on sofa> Ground Truth: <dog wear sunglasses>
horse and sofa dog has sunglasses
Prediction 2: horse laying on sofa Prediction 2: dog under sunglasses
Prediction 3: horse looking at sofa Prediction 3: dog wears sunglasses
Prediction 4: horse under sofa Prediction 4: dog with sunglasses
Prediction 5: horse lying on sofa Prediction 5: dog between sunglasses
Ground Truth: <dog ride horse> Ground Truth: <person ride train>
dog and horse person sitting on train
Prediction 2: dog looking at horse Prediction 2: person in train
Prediction 3: dog riding horse Prediction 3: person walking on train
Prediction 4: dog on back of horse Prediction 4: person carrying train
Prediction 5: dog above horse Prediction 5: person looking at train

Figure 23. CREPE improves robustness of VRP. Here, we illustrate the results on the
Unrel dataset, which contained previously unseen objects and atypical relationships.

CREPE Enhances VRP Robustness: To assess the generalizability and robust-
ness of CREPE’s representations, we conduct evaluations on the Unrel dataset (Peyre
et al. 2017). In this experiment, we directly apply UVTransE + CREPE trained
on VG using CREPE’s representations. The Unrel dataset presents a unique chal-

lenge, as it includes atypical relations not found in the VG benchmark, such as
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Table 12. Ablations. This table compares the performance of UVTranskE with CREPE
representations. We show variants where we do not include learnable text prompts but
directly utilize pseudo labels from Cross-Modal Retrieval for union box representation.
The best performing method is highlighted in red, while the second best is in blue.

Model mR@5 mR@10 mR@15 mR@20 mR@50
UVTransE (visual only) (Hung, Mallya, and Lazebnik 2020) 3.93 6.39 7.76 ‘ 8.26 11.41
+ language 6.33 9.85 12.30 14.33 19.50

UVTransE + CREPE (w/o learnable prompting)

+ Pseudo Labels (K =1) 8.49 12.45 15.15 17.13 22.53
+ Pseudo Labels (K = 3) 9.85 14.40 17.36 19.48 24.61
+ Pseudo Labels (K = 4) 9.88 14.42 17.25 19.12 24.86
+ Pseudo Labels (K =5) 9.97 13.84 17.04 19.22 24.60
UVTransE + CREPE 27.79 31.12 31.78 31.95 32.09

the <car,on the top of,bus> triplet. Despite this shift, CREPE demonstrates its
effectiveness in estimating these unconventional relations, even without specific
training on such examples, as illustrated in Figure23. For example, in the case
of <elephant,cover,car>, CREPE’s top prediction of <elephant,standing on,car>
accurately reflects the scene.  Furthermore, in the challenging instance of
<dog,wearing, sunglasses>, where both the relationship and the object sunglasses
are atypical in VG, CREPE still performs well.

Ablations: We conducted an ablation study to assess the significance of learn-
able context tokens in generating a text based representation for the union im-
age. For this study, we utilized pseudo labels obtained from Cross-Modal Retrieval
(CMR), where the labels are retrieved from an exhaustive vocabulary of all possible

<subject, predicate,object> triplets in the Visual Genome (VG) benchmark.

We explored two scenarios: 1) Selecting the most similar entry from the triplet
vocabulary for each union image based on cosine similarity of CLIP embeddings. 2)
Selecting the top K similar entries with an attention module (Ilse, Tomczak, and
Welling 2018) to capture context. Results in Table 12 demonstrate the effectiveness of

pseudo labels, notably outperforming CLIP-based, visual-only, and visual+language
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UVTransE baselines. Using context (K > 1) consistently improved predicate estima-
tion, yielding a 2.5% mR@50 gain compared to K = 1. However, learnable text tokens
still outperformed pseudo labels, showcasing their superiority in complex relationship

representation beyond a restricted vocabulary used for triplet selection.

4.4  Conclusion

In summary, our study unveils the untapped capabilities of vision-language models,
particularly CLIP, in visual relationship prediction. Our method CREPE leverages text-
based representations and a unique contrastive training strategy to infer reliable union
box representations for improving VRP, while simultaneously tackling the long-tail
issue prevalent in predicate occurrence distribution. The implications of our work
are broad, with potential advancements in numerous applications like autonomous

navigation and intelligent surveillance.
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Chapter 5

PRIME: LEVERAGING VISION-LANGUAGE PRIORS FOR IMPROVED MODEL
FAILURE DETECTION AND EXPLANATION

With the increasing adoption of deep models in diverse applications (Chib and
Singh 2023), ensuring performance reliability and limiting failures have emerged as
important challenges. Conventionally, the training and evaluation protocol of deep
models follow the ‘closed-world’ assumption where the test data is i.i.d. with respect
to the training distribution (Jiang et al. 2019). However, when such assumptions
change, deep models are often brittle and can fail for a variety of reasons. For instance,
models suffer a significant drop in accuracy when faced with covariate shifts (i.e.,
same input obtained from different sensors). Moreover, recent studies (Joshi, Pan, and
He 2022) have revealed that deep networks are susceptible to subpopulation shifts (Y.
Yang et al. 2023). These shifts occur when the training dataset is not representative
of the entire population, leading to poor model performance on certain subgroups.
Prominent examples include spurious correlations (Geirhos et al. 2020), where certain
attributes in the training data are spuriously correlated with the labels, and class
imbalance where the proportion of training images in a class is significantly larger
than another. Lastly, failures can stem from limitations of the model specifications
themselves and the non-generalizable decision rules learned due to the unknown biases
in the training data.

Our work focuses on the critical problem of detecting samples that can lead to
model failure. Key efforts in this direction utilize uncertainty estimation techniques to

identify potential failures, including approaches that leverage the confidence of model
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predictions (Hendrycks and Gimpel 2017; Guillory et al. 2021), energy scores (W. Liu
et al. 2020), or entropy measures (Gal and Ghahramani 2016; Kirsch et al. 2021).
However, these methods are fundamentally constrained by their reliance on the
model’s internal representations and knowledge, which ironically can be the source of
failure. Given the often poorly calibrated (C. Guo et al. 2017) nature of deep models,
attempting to diagnose failure solely through model predictions poses significant
challenges. Although such strategies may prove effective in specific failure scenarios,
they largely fall short in addressing the wide spectrum of failure modes that can
manifest at test time. Moreover, they cannot typically provide interpretable insights
or explanations for the observed failures, hindering our understanding and ability to
rectify such issues.

In this chapter, we introduce PRIME (Prior Informed Model Evaluation), a holistic
failure detection mechanism that is effective across a wide range of failure scenarios,
without relying only on the model’s predictions. By identifying the limitations
of existing approaches, PRIME employs a strategy that leverages knowledge from
foundation models such as Vision-Language Models (VLMs) (Radford et al. 2021a).
To that end, we introduce a novel training protocol that aims at developing an
enhanced alternative to the model by incorporating priors from foundation models,
termed the Prior-Induced Model (PIM) which is the key component of PRIME. Unlike
conventional training that directly maps images to the coarse-grained class labels,
PIM learns to embed the early layer image features (Lee et al. 2022) extracted from
the original model itself directly onto the VLM embedding space to harness language
guidance. Here, we enforce the images to be aligned with a set of fine-grained, generic
class-specific text attributes. Such a strategy guides PIM to develop decision rules

that are more grounded and reliable. Our training strategy involves computing the
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similarity scores between the image embeddings and these attributes and aggregate
the same to estimate the coarse class-level predictions. Post-training, we examine
the differences between the predictions of the given model with that of PIM and
demonstrate that the prediction discrepancies can serve as an effective indicator of
model failure.

Moreover, the priors introduced by the VLM in PIM allow us to dissect and
understand the failure modes of the given model. By analyzing which specific attributes
contribute to the predictive decisions, we provide explanations of the underlying reasons
for failure. We validate our hypothesis through a comprehensive suite of benchmarks
that capture different sources of model failure including spurious correlations, image
corruptions, and distribution shifts. Our empirical study reveals that we significantly

outperform all the considered baselines across these failure scenarios.

5.1 Related Work

Failure Detection. Failure detection in classification tasks identifies incorrect
predictions by a model (Hendrycks and Gimpel 2017; F. Zhu et al. 2022; Qu et
al. 2022). This problem ultimately boils down to identifying an appropriate metric or
a scoring function that can delineate failed samples from successful ones. Early work
involves using simple scores directly derived from the predictions of the model such
as Maximum Softmax Probability (MSP) (Hendrycks and Gimpel 2017), predictive
entropy (Kirsch et al. 2021) and energy (W. Liu et al. 2020) to identify failed samples.
More recent work focuses on scores that quantify failure by evaluating the local

manifold smoothness (Ng et al. 2022) around a given sample and those that are
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based on agreement of a sample between different components of an ensemble (Jiang
et al. 2022; Trivedi, Koutra, and Thiagarajan 2023).

However, such metrics can become unreliable to characterize failure as the model

used to derive them can be potentially mis-calibrated and unreliable (C. Guo et al. 2017;
Minderer et al. 2021), which necessitates the requirement to rely on external knowledge
for e.g., foundation models to validate the predictions of the model. Failure detection
has also been studied under the lens of generalization gap estimation (Guillory et
al. 2021; Narayanaswamy et al. 2022) where the goal is to predict the accuracy of
the model on an unlabeled target distribution using distributional metrics derived
from a number of calibration datasets. In this work, we focus on failure evaluation in
scenarios where the input samples share the same label space as that of the training
data distribution.
Failure Detection with Vision Language Foundation Models. Visual-Language
Models (VLMs) (Radford et al. 2021b; J. Li et al. 2022) are pre-trained on a large-
corpora of image-text captions using a self-supervised objective. VLMs facilitate
flexible adaptation to downstream tasks through zero-shot transfer or fine-tuning,
demonstrating enhanced performance in areas such as classification and zero-shot
OOD detection (Y. Wei et al. 2023; Wortsman et al. 2022; Goyal et al. 2023; Ming
et al. 2022; H. Wang et al. 2023; Michels et al. 2023; Esmaeilpour et al. 2022).

Recently, such VLMs have been used as a lens to understand the failure modes and
weaknesses of any pre-trained model. For instance, the authors of (Jain et al. 2023)
fit a post-hoc failure detector directly on the shared VLM space to estimate whether
a sample would have been correctly identified or not by the pre-trained classifier. The
detector is then used to identify the directions of classifier failure modes. However,

this approach requires a well-curated calibration set to fit the detector which is often
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Figure 24. A visual illustration of the different failure scenarios we consider. These
include scenarios when the model relies on spurious correlations present in the data
i.e., when an attribute is spuriously correlated with the label (e.g., color of hair and
gender). Another cause of failure is when the training data has class imbalance, leading
to poorer generalization on images from the under-sampled class. Lastly, another
important cause of failures are when the distribution of the test data is different from
the training data. This can range from natural image corruptions to covariate shifts.

not available in practice. On the other hand, the authors of (Deng, Xiong, and Hooi
2023) demonstrate that the latent space agreement between the pre-trained model and
the VLM is a potential indicator for failure. In contrast, our work aims to perform
failure detection by first designing an improved classifier leveraging the VLM latent
space and assessing the agreement between the classifier and its enhanced version

while providing explanations for failure.

5.2 Background

Preliminaries. Let F denote a multi-class classifier with parameters #, trained on
a dataset D = (x;, yi)?il comprising M samples. Here, x; € X is a 3 channel, input
RGB image, and y; € Y is the corresponding label, where ) is defined as the set
Y =A{1,2,...,C}. Here, C denotes the total number of distinct classes. The classifier

F operates on the input to produce the logits F(x) corresponding to every class which
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is followed by a softmax operation to estimate output probabilities p(y = ¢|x) where
¢ corresponds to the class index.

In this work, we consider the problem of failure detection in classification mod-
els, where the source of failure arises due to the following scenarios (Fig. 24)

- (i) Input level shifts where the training and test images share identical condi-

tional output distributions, i.e., P, (y|x) = P.(y|x) but different input marginals
P,.(x) # P,(x). Here, the test data can corresponds to domain variations or im-

age corruptions. (ii) Sub-population shifts (a) Spurious correlation where the labels

are non-causally associated (Y. Yang et al. 2023) with certain input characteristics
or attributes in the training data over others leading to learning non-generalizable
decision rules. For instance, if a; and ay correspond to two attributes of an im-
age x, during training Py, (y[x,a1) >> PF,(y[x,az) which can fail during test time
when P.(y|x,a1) = Pi(y|x,az2). (b) Class imbalance where the number of exam-
ples in a given class can be significantly greater than those present in another i.e.,
P,.(y = ¢1) >> P, (y = ¢2) which does not allow the classifier to optimally understand
the data from class ¢y, leading to sub-optimal generalization during testing.

Failure Detector Design. Failure detection is a binary classification problem of
identifying whether an input sample has been correctly predicted or not by the model.

We define our failure detector G as follows,

failure, if s(x;0) <,
G(x;0,7) = (5.1)

success, if s(x;0) > 7.
Here, s(.) is a scoring function derived from the classifier F that assigns higher
values for correctly identified samples and vice-versa and 7 is the user-controlled

threshold for detection. Following standard practice in the generalization gap litera-

ture (Trivedi, Koutra, and Thiagarajan 2023; Garg et al. 2022), we identify 7 such
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Figure 25. Architecture of the PRIME for failure detection. (Left) PRIME trains a
Prior Induced Model (PIM) ¢, identical to the architecture of the pre-trained classifier
F, utilizing priors from a VLM model. (Top Right) The disagreement between the
predictions of ¢ and F serves as an indicator for failure detection. (Bottom Right) By
adjusting attribute level weights, PRIME offers explanatory insights into the identified
failures.

that ). I(s(x;;60) > 7) approximates the true accuracy of the held-out validation
dataset.

Contrastive Language-Image Pre-training (CLIP). CLIP (Radford et al. 2021a)
is a vision-language model trained on large corpus of image-text pairs with self-
supervised learning. It aligns images with natural language descriptions in a shared
embedding space, enabling zero-shot learning and fine-tuning for downstream tasks
like image captioning (Subramanyam, Jayram, et al. 2023) and visual question answer-
ing (H. Song et al. 2022; S. Yu et al. 2024; J. Guo et al. 2023; Schwenk et al. 2022).
CLIP employs image (I(.)) and text (7'(.)) encoders to generate embeddings (z; and
zr). For zero-shot inference, it computes the cosine similarity (cos sim) between image
and text embeddings. This similarity yields class-specific logit scores for zero-shot

classification, where the prediction probability p(y|x) is calculated using softmax.
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5.3 Proposed Approach

5.3.1 Motivation

Conventionally, a classifier F is trained to learn a mapping between the space of
inputs A and the human-annotated label space ) by optimizing a suitable loss function
(e.g., cross-entropy). By merely satisfying the training objectives, the classifier often
faces the risk of learning sub-optimal decision rules between the input and the output,
making it susceptible to test-time failures. This often arises due to the biases prevalent
in the training data making the classifier inaccurately link the image attributes with
the class labels.

Therefore, to enhance model reliability, it is crucial to train classifiers by enforcing
them to focus solely on the core image characteristics associated with the label. Once
such an improved classifier is trained, we can adopt a disagreement based failure
detection strategy (Trivedi, Koutra, and Thiagarajan 2023) to better delineate the
failed samples of the biased counterpart. A simple solution to train such classifiers is to
adopt strong data augmentations (Hendrycks et al. 2022) or adversarial training (Chen
et al. 2020). However, such techniques face limitations in handling the wide spectrum
of failure scenarios and offering human interpretable explanations for failure.

To that end, in this section we describe our novel strategy for failure detection
which involves training an enhanced classifier referred to as the Prior Induced Model
(PIM) ¢ with the aid of VLM models. We believe that the prior knowledge induced
by VLMs will help PIM associate relevant core attributes with the class labels. We
first describe our paradigm that incorporates foundation models in classifier training.

We then develop a prediction disagreement based strategy between PIM and the
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biased classifier to conduct failure detection. Finally, we elucidate the capability of

our approach in extracting failure explanations in order to support interpretability.

5.3.2 Incorporating Foundation Model Priors

Conventionally, classification models are trained to map the image x directly to
the usually coarse label of interest y € ) which many a time, encapsulates the rich
core attribute characteristics describing it. For instance, in case of a dog vs cat
classification problem, the label dog is associated with attributes such as {“wagging

PARINAA

tail”, “snout”, “tongue out”} while the label cat is associated with {“whiskers”, “pointy
ears”, “paws”} to name a few. Therefore models, due to the lack of such fine-grained
information together with the biases in the training data are susceptible to rely upon
trivial decision rules to make predictions. In contrast, VLMs such as CLIP offer
capabilities to encode both image and textual attribute descriptions into a unified
latent space that is enriched to support meaningful image-text attribute associations.

To improve the effectiveness of classification model training, we propose that
aligning the model’s features, when projected onto the VLM latent space, with the
textual descriptions of core attributes related to the class of interest within the same
latent space can enhance training. This alignment is expected to equip the model
with the ability to develop decision-making rules that are both more reliable and
generalizable, while also reducing the influence of existing biases.

To achieve this, we introduce the PIM model ¢, which is guided by the VLM prior
(see Fig. 25 left). The architecture of PIM closely resembles that of its counterpart F,

with the notable distinction being that its final layer projects onto the VLM latent

space. This projection aims for alignment with the textual descriptions of class-level
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attributes, thereby harnessing the linguistic capabilities of foundational models. PIM
is specifically engineered to accept early-stage features from F, denoted as h;, which
are then processed through PIM’s analogous layers to produce the image encoding z
within the VLM latent space. For instance, in the case where both F and ¢ are based
on the ResNet architecture as described in He et al. 2016a, the output from block 1 of
F serves as the input for block 2 in ¢.

It must be noted that the success of our approach relies upon the quality of the fine-
grained text attributes extracted for every class. While there exist strategies (Merullo
et al. 2022) that are capable of extracting image-level textual descriptions, they
usually involve the text decoders in the loop, which can be computationally expensive.
Therefore, we resort to using Large Language Models (LLMs) to compute task-specific

attribute descriptions offline.

5.3.3 Generating Task-specific Core-attribute Descriptions

LLMs (Touvron et al. 2023; Brown et al. 2020) have demonstrated their utility
across a range of language tasks Radford et al. 2019; J. Wei et al. 2022; Nakano
et al. 2021; Pratt et al. 2023 and are particularly adept at contextual understanding,
and generating coherent text even with descriptive prompting. To extract the class-
specific attribute descriptions, we query GPT-3 (Brown et al. 2020) with the prompts
“List visually descriptive attributes of <CLASS>.” This allows us to gather a set of K

attributes A = {a$ }_, for every class c.
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5.3.4 Training PIM

(i) Computing Cosine Similarities. We first compute the cosine similarity scores
between the image embedding z produced by PIM for a given image and the text

embeddings associated with attribute k from each class c¢. It is given by,
Qae = {wiHE | where w§ = cos sim(z, €f) (5.2)

Here, the text embeddings F 4. = {e¢} | for each attribute of every class are obtained
using the CLIP text encoder.

(ii) Attribute Similarity Aggregation Subsequently, we aggregate these attribute
similarity scores, () 4¢, for each class ¢ to obtain coarse prediction logits corresponding
to the class label y € ). We investigate two aggregation strategies namely - (i)
Class-level mean and (ii) Class-level max to consolidate these scores into final class
predictions which are eventually normalized using softmax. These strategies enable a
more refined and attribute-aware determination of classification outcomes.

(iii) Optimization Objective The optimization is primarily guided by the cross-
entropy loss which evaluates the discrepancy between the predicted probabilities
from PIM and the ground truth label. In addition, we include consistency driven
augmentations, namely CutMix (Yun et al. 2019b) and AugMix (Hendrycks et al. 2020),
to improve its robustness. Additionally, we upweight the losses corresponding to the
instances where (i) the biased classifier F predicts accurately, but ¢ does not and (ii)
the biased classifier F does not predict accurately, as well as ¢ does not, within a

training batch.
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5.3.5 PRIME: Failure Estimation Using PIM

To assess the failure of the biased classifier F, we compute the disagreement
between PIM and F based on the discrepancy between their predictions. This dis-
agreement score is calculated as the cross-entropy between the sample level probability

distributions between the two models, with PIM being the reference distribution:

C

s(x) == _ply = elx).log(g(y = ¢lx)) (5.3)

c=1

where p(.) and ¢(.) represent the predicted probabilities of F and PIM, respectively.
5.3.6 Extracting Explanations for Failure

Our failure explanation protocol is designed to elucidate the underlying reasons
behind the discrepancies between predictions of F and ¢. The primary objective is to
identify the optimal subset of attributes necessary for aligning the PIM’s prediction
probabilities with those of the task model. To achieve this, we implement a strategy
where we iteratively adjust a group of weights corresponding to each attribute across
all classes.

Our iterative process begins by assigning an initial uniform weight to every attribute
for each class within a batch. These weights are then optimized by minimizing the
Kullback-Leibler (KL) divergence between the probability distributions predicted
by F and those adjusted by PIM, accounting for the influence of the weighted
attributes. Mathematically, argmin Dy, (p(§) || p(7)). Here, p(§) represents the
predictive probability distributioilw(];f F while p(¥) denotes the probability distribution
of PIM. As the algorithm converges, the weights will highlight those attributes that

have significant impacts on the predictions of F, providing insights into the features
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considered by it when making decisions. Figure 25 right illustrates our failure detection

mechanism. We graphically illustrate the same in Fig. 28.

Algorithm 3 Training Procedure for Prior Induced Model ¢

Require: Training data D = {(x;,v:)}X,, attribute set ay
for each class ¢ € Y extracted from LLM, VLM (CLIP) text encoder T'(.),
classifier F, cross-entropy loss L£(.), parameters ¢ initialized
with ImageNetvl weights.

Ensure: Optimized parameters ¢.

for each epoch do
for each batch {(x;,y;)} in D do
Apply augmentation (Cutmix or Augmix) across batch with probability p
Compute features h; for layer [ from F.
Use PIM to map h; onto the VLM latent space to obtain ¢(h;)
Initialize sample-level loss weights to uniform
for each class cin Y do
Compute cosine similarity between ¢(h;) and the CLIP text
embeddings T'(.) of attributes from class c.
Aggregate similarities to derive class-level logits y.
end for
Compute sample-level loss weights based on the discrepancy in predictions
between F and ¢.
Update ¢ using the objective - ming L(y, §)
end for
end for
return Optimized ¢.

5.4 Empirical Evaluation

We conduct comprehensive evaluations of PRIME using various classification bench-
marks and assess performance under various failure scenarios with different archi-
tectures. We employ OpenAl’s CLIP ViT-B-32 model in all experiments (Radford

et al. 2021b).
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5.4.1 Experimental Setup

Datasets. Our experiments are centered around datasets reflecting four common

sources of model failure:

e Input-Level Shifts: CIFAR100-C (Hendrycks and T. G. Dietterich 2019),
comprising 19 types of corruptions over the CIFAR100 test images, at five
severity levels, for classification into 100 categories.

e Spurious Correlations: (1) Waterbirds (Y. Yang et al. 2023) involves clas-
sifying images as ‘water bird’ or ‘land bird’. The training data offers biases
tied to the background (water/land). (2) CelebA (Z. Liu et al. 2015; Y. Yang
et al. 2023) involves classifying if individuals have blond hair or not, with labels
spuriously correlated with gender.

e Class Imbalance: We modify the Kaggle Cats vs Dogs dataset (Cukierski
2013), adjusting the distribution to create a training imbalance with 5,989 cat
and 19,966 dog images for training, while maintaining balanced test data.

e Distribution Shifts: PACS (D. Li et al. 2017) includes images from four
domains (Photo, Art-painting, Cartoon, Sketch), to be classified into seven

categories.

Model Architectures We consider the ResNet-50 (He et al. 2016b) architecture for
CelebA, DomainNet and ImageNet datasets and ResNet-18 for the remaining to train
both the classifier F and PIM. In the Additional Results, we study the performance
of PRIME on other architectures including ViT-B-16 (vit). We provide the training

details in the appendix.
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5.4.2 Baselines

We now define the baselines considered in work that produce sample-level scores s re-

quired for our failure detector G. (i) Maximum Softmax Probability (MSP) (Hendrycks

and Gimpel 2017) which is given by s(x) = max p(y = j|x), (ii) Predictive Entropy
j

(Ent) is essentially the entropy among the predictions of a sample and is given by
s(x) = —Zjilp(y = j|x).log(p(y = j|x)),(iii) Energy (W. Liu et al. 2020) score
is defined by s(x) = —T'log Zj; exp”®(9) . Following standard practice, we con-

sider T = 1 in all our experiments. (iv) Model Agreement (MA) (Jiang et al. 2022;

J. Chen et al. 2021) Let Fy,, Fy, . . . Fy, denote r models trained with different ran-

dom seeds. Let Fp, denote the base classifier. Then the score is computed as

S(X) = ﬁ Z;;&l ]I(‘Fel - FQj)a
It must be noted that we utilize negative versions of entropy and energy to reflect

the fact that the samples that are correctly predicted are associated with higher scores.

5.4.3 Metrics

We consider the following metrics to evaluate failure detection performance:

(i) Failure Recall (FR) which corresponds to the fraction of samples that have been

correctly identified as failure, (ii) Success Recall (SR) corresponds to the fraction of

samples that have been correctly predicted as successful. The trade-off between the
two metrics is indicative of how aggressive or conservative the failure detector is.

(iii) Matthew’s Correlation Coefficient (MCC) holistically assesses the quality of the

binary classification task of failure detection and provides a balanced measure when
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Dataset Method FR SR MCC

MSP 0.3166 0.8891 0.2419
Energy 0.4803 0.8047 0.2814

Waterbirds Ent 0.4878 0.8022 0.2827

Dataset Method FR SR MCC PRIME
MSP 0.6835 0.809 0.4943 + mean 0.5303 0.8310 0.3580
Energy 0.6776 0.7965 0.4747 + max 0.6063 0.8580 0.4598
CIFAR100 Ent 0.6894 0.8105 0.514 MSP 0.4058 0.9653 0.3634
PRIME Energy 0.4292 0.9616 0.3677
+ mean 0.7949 0.7436 0.5267 CelebA Ent 0.4214 0.9631 0.3675

+ max 0.7933 0.7474 0.5292

PRIME
MSP 0.7448 0.6345 0.3593 + mean 0.5443 0.9701 0.4928
Energy 0.8145 0.5442 0.3577 + max 0.4390 0.9621 0.3738

CIFAR100-C Ent 0.7761 0.616 0.3766

MSP  0.4076 0.9235 0.3316
PRIME Energy 0.4303 0.9196 0.3428

+ mean 0.8507 0.5393 0.4007 Cats and Dogs| Ent  0.4233 0.9212 0.3402
+ max 0.8448 0.5506 0.4015

PRIME
+ mean 0.5993 0.9468 0.544
+ max 0.5783 0.9554 0.5532

(2) (b)

Figure 26. Results on failure detection across different benchmarks - (a) CIFAR100,
and image corruptions on CIFAR-100-C, and (b) subpopulation shifts from spurious
correlations on Waterbirds, CelebA datasets, and class imbalance on Cats vs Dogs.
PRIME consistently outperforms baselines in terms of the overall Matthew’s Correlation
Coefficient (MCC) as well as achieving higher failure and success recalls.

the class sizes are different. It takes into account both true and false positives and

negatives respectively while assessing performance.

5.5 Training Details

5.5.1 Classifier Training

CIFAR100: Training spans 200 epochs, initial learning rate 0.1, multi-step decay at

epochs 60, 120, 160, with tenfold reductions. Optimizer: SGD, momentum 0.2, weight

decay 5e-4.
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Waterbirds: Training spans 100 epochs, initial learning rate 0.001, multi-step decay
at epochs 30, 60, with tenfold reductions. Optimizer: SGD, momentum 0.9.
CelebA: Training spans 20 epochs, learning rate 0.1. Optimizer: SGD, momentum
0.9.

Cats & Dogs: Training spans 100 epochs, initial learning rate 0.01, multi-step decay
at epochs 30, 60, with tenfold reductions. Optimizer: SGD, momentum 0.9.

PACS: Training spans 200 epochs, initial learning rate 0.01, multi-step decay at

epochs 30, 60, with tenfold reductions. Optimizer: SGD, momentum 0.9.

5.5.2  PIM (Prior Induced Model) Training Details

We adopt the following protocol to train PIM for all datasets. We train PIM for
200 epochs, starting with an initial learning rate of 0.1, and implement multi-step
decay at epochs 60, 120, and 160, where we reduce the learning rate by factor of
0.1. We utilize the AdamW optimizer for optimization. Additionally, we apply both
CutMix and AugMix transformations to the entire batch with probabilities of 0.2 each.
Moreover, we carefully weight our loss function during training. The loss weights are
increased by a factor of 2.0 for samples where the classifier F succeeds but PIM fails,

and by 1.5 for cases where both the classifier and PIM fail.

5.6 Prompts Used to Query LLM (GPT3) for Attribute Generation

e Waterbirds: “List 20 distinct two-word phrases that uniquely describe the visual

characteristics (like type of feet, beak, wings, plumage, feathers, feather texture,
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body shape, body type etc) of {class name}. Make sure the phrases are not long
descriptions.”

CIFAR100: “List 10 distinct two-word phrases that uniquely describe the visual
characteristics (like shape, color, texture) of {class name}. Make sure the
phrases are not long descriptions.”

PACS: “List 10 distinct two-word phrases that uniquely describe the visual
characteristics of {class_name}. Do not describe their colors. Make sure the
phrases are not long descriptions.”

CelebA: “List 5 distinct two-word phrases that uniquely describe the visual
characteristics of {class_name} hair person. Make sure the phrases are not long
descriptions.”

Cats and Dogs: “List 10 distinct two-word phrases that uniquely describe the
visual characteristics of {class _name}. Make sure the phrases are not long

descriptions.”

5.6.1 Findings

Input Shifts. Fig. 26(a) showcases the results on the CIFAR100 and CIFAR100-C

datasets. On the clean CIFAR100, PRIME outperforms the baselines with a superior

MCC of 0.5292 for the max variant (versus 0.514 for the best baseline), attributed

to higher failure recall (0.7933) and success recall (0.7474). On the more challenging

CIFAR100-C (severity level 4), PRIME further highlights its efficacy by achieving an

MCC of 0.4015 with max aggregation, exceeding the top baseline (negative entropy)

which has an MCC of 0.3766. This is due to a balanced trade-off between failure recall

(0.8448) and success recall (0.5506), distinguishing PRIME from other baselines that
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fail to maintain such balance. These findings clearly demonstrate PRIME as robust
in detecting classifier failures amid input-level shifts, surpassing other baselines in
performance metrics.

Subpopulation Shifts. Our comprehensive evaluation addresses datasets affected
by various subpopulation shifts. The summarized results in Fig. 26(b) underline the
effectiveness of PRIME in navigating these challenges:

Waterbirds: PRIME achieves a high failure recall of 0.6063, outperforming the best
baseline (negative entropy) which has a recall of 0.4878. Importantly, PRIME maintains
a high success recall (0.858) with minimal compromise compared to MSP (0.8891).
The outcome is a leading MCC of 0.4598, attesting to PRIME’s balanced detection
ability in environments with misleading background cues.

CelebA: With mean aggregation, PRIME delivers the highest MCC of 0.4928,
combining a failure recall of 0.5443 with a success recall of 0.9701, showcasing its
strength in addressing gender and hair color spurious correlations.

Cats vs Dogs: Exhibiting strong performance in class imbalance, PRIME (max
aggregation) achieves an MCC of 0.5532, significantly surpassing the top baseline
(negative energy) with an MCC of 0.3428, underlining its efficacy in balanced success
and failure recall. PRIME not only demonstrates high failure detection capability
but also ensures high success recall rates above 0.94, highlighting its proficiency in
class-imbalanced settings.

Covariate Shifts. In this section, we evaluate the performance of PRIME in the
challenging setting of identifying failures caused due to covariate shifts. We consider
the PACS dataset which contains 4 different domains. We train PIM and derive
individual thresholds for each of the four domains, then evaluate its performance

across all domains. While we present detailed results for all baselines and metrics
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Figure 27. PRIME produces the best performance on covariate shifts. The
bar plot provides the comparison of PRIME against the best baseline in terms of the
difference in MCC on the PACS dataset involving covariate shifts across 4 different
visual domains. The mean and max aggregation variants of PRIME outperform the
best baseline by substantial margins across all domains.

from Fig. 14 to 17, in Fig. 27, we report the difference in MCC scores between the
best performing baseline and the mean and max variants of PRIME. The X-axis lists
the individual domains on which PIM has been trained and the Y-axis the difference
in MCC. It can be seen from the figure that PACS outperforms the baselines by a
large margin across all the domains.

In summary, across all the benchmarks when evaluated under different types
of distribution shifts, including subpopulation shifts (spurious correlations, class
imbalance), input shifts (image corruptions), and covariate shifts (domain variations),
PRIME consistently outperforms the considered baselines by a substantial margin in
terms of the overall MCC metric, failure recall and success recall. The ability of PIM
to leverage language priors from vision-language models allows it to reliably detect

failures stemming from spurious correlations learned by the task model, while still
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maintaining high accuracy on non-failure cases. On datasets like CIFAR-100-C with
severe input corruptions and on benchmarks like PACS involving significant covariate
shifts across diverse visual domains, PRIME surpasses the baselines, validating its

effectiveness as a generalizable failure detection approach.

5.7 Failure Explanation

Having empirically demonstrated the superior failure detection capabilities of
PRIME, we now turn our attention to the crucial task of explaining the reasons
behind failures. Since the images are projected in the VLMs multimodal embedding
space, it enables us to study the impact of each attribute on the prediction outcome.
By adjusting the influence of individual attributes, we ensure that the prediction
probabilities generated by PRIME closely mirror those of the original model. This
manipulation offers evidence of what attributes the task model uses.

For instance, in the top-left of Fig. 28, where the task is to correctly identify
the hair color, the classifier F incorrectly classified the image as depicting a blond
individual, while PIM accurately identified the hair color. Thus, to understand this
failure, we align the probability distribution of PIM with that of /. We do so by
posing this as an optimization problem where we seek to identify the relative weights
or the influence of attributes to match the probability distributions. We observe
that, in this case, we achieve that goal by reducing the influence of attributes such
as “Browning Tresses” and “Red Highlights”. This manipulation serves as evidence
that the biased classifier may not have considered these crucial attributes in its
decision-making process.

Similarly, in the example shown in Fig. 29, F misclassifies a landbird as a waterbird
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Task Model: Blond
PIM: Not Blond — Blond

Task Model: Blond
PIM: Not Blond — Blond

Pruned Attributes Promoted Attributes

Pruned Attributes Promoted Attributes
Not Blond: Blond:
Browning Tresses Light Tresses
Red Highlights Pale Locks
Brown Strands Bright Tresses
Dark Strands Light Strands
Dark Roots Platinum Hue

Not Blond: Blond:
Black Hair Pale Locks
Dark Locks Light Tresses
Dark Curls Platinum Hue

Red Tresses Light Strands

Jet Black Bright Tresses

Task Model: Not Blond
PIM: Blond — Not Blond

Task Model: Not Blond
PIM: Blond — Not Blond

Pruned Attributes Promoted Attributes

Pruned Attributes Promoted Attributes

Blond: Not Blond:

Blond: Not Blond:

Golden Locks Browning Tresses Golden Locks Browning Tresses
Bleached Mane Black Hair Platinum Waves Brown Strands
Bright Golden Jet Black

Fair Hair Red Highlights
Sun-Kissed Dark Roots
Platinum Hue Dark Strands

Sun-Kissed Dark Locks
Fair Hair Red Tresses

Figure 28. Example on CelebA

Task Model: Landbird
PIM: Waterbird —Landbird

Task Model: Dog
PIM: Cat — Dog

Pruned Attributes Promoted Attributes Pruned Attributes Promoted Attributes

Waterbird : Landbird : Cat: Dog:
Button Eyes Broad Wingspan Thin Whiskers Sharp Claws
Wading Heron Long Neck Whisker Spots Pointy Snout
Drifting Goose Thin Neck Sharp Claws Playful Paws
Standing Sandpiper Sharp Claws Curled Whiskers Playful Stance
Yellow Eyes Slim Body Pouncing Paws Loyal Companion

Task Model: Waterbird
PIM: Landbird — Waterbird

Task Model: Cat
PIM: Dog — Cat

Pruned Attributes Promoted Attributes Pruned Attributes Promoted Attributes

Landbird: Waterbird: Dog: Cat:
Rounded Body Blue Plumage Pointy Snout Sharp Claws
Black Mask Diving Duck Playful Paws Thin Whiskers
Curved Beak Fluffy Plumage Loyal Companion Pouncing Paws
Small Head Floating gull Bushy Eyebrows Whisker Spots
Red Crest Sharp Beak Wet Nose Playful Stance

Figure 29. Example on cats vs dogs

Figure 30. Failure Explanations. We explain the failures of the biased classifier F,
by manipulating the influence of individual attributes in PIM, such that the prediction
probabilities of PIM match that of F. The knowledge of the attributes whose influence

was needed to be reduced provides an indication that F has not focused on those
attributes to make its decisions.

in the top left image. The most influential attribute leading to this misclassification is
the broad wingspan, which could have been triggered due to the bird’s flying posture
commonly associated with waterbirds. These traits contributed to the erroneous

classification of the landbird as a waterbird by F.
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5.8 Ablations

Impact of Layer Selection of F on ¢: In this study, we explore how the performance
of the PIM model ¢ is influenced by the specific layer in F from which we extract
features. This experiment uses the Resnet18 architecture, with models trained on the
CIFAR100 and Waterbirds datasets. From the results presented in the table in Fig. 31,
using features from the early layers (layer 1 and layer 2) of Resnet18 yields the highest
MCC (Matthews Correlation Coefficient) scores. In contrast, leveraging features from
the later layers leads to a noticeable decline in performance. This observation suggests
that the initial layers of the network are less prone to carrying biases than the later
ones, supporting the findings from previous research (Lee et al. 2022).

Model Ensembles for Disagreement Analysis: It has been shown that the
prediction disagreement between different constituent members of a model ensemble
can serve as an indicator of failure (Jiang et al. 2022; Trivedi, Koutra, and Thiagarajan
2023). In this experiment, we compare the failure estimation performance obtained
through the disagreement between PIM and F to the performance obtained by the
disagreement between an ensemble (GDE). To that end, we trained five different
classifiers with different initial seeds on three different datasets: Waterbirds, CelebA,
and Cat vs Dogs. Figure 31 evidences the superiority of the proposed approaches

compared to GDE.

5.9 Additional Results

Experiment with ViT-B-16: We extend our study to incorporate the ViT ar-

chitecture, specifically using the ViT-B-16 model, for the Waterbirds datasets. We
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MCC Comparison of GDE and PRIME Dataset Method FR SR MCC

Method PRIME mean
GDE + layer 1 0.7949 0.7436 0.5267
0.5 PRIME + layer 2 0.7670 0.7852 0.5443
+ layer 3 0.6758 0.8305 0.5126
+ layer 4 0.6761 0.8011 0.4785

PRIME max
+ layer 1 0.7933 0.7474 0.5292
t layer 2 0.7573 0.7837 0.5337
+ layer 3 0.6850 0.8297 0.5199
t layer 4 0.6636 0.8019 0.4680

CIFAR100

0.4

MCC Score
o
w

PRIME mean
+ layer 1 0.5303 0.8310 0.3580
+ layer 2 0.3667 0.7707 0.1350
+ layer 3 0.3640 0.7581 0.1186
+ layer 4 0.4401 0.8208 0.2628

PRIME max
+ layer 1 0.6063 0.8580 0.4598
+ layer 2 0.5197 0.8153 0.3272

©
N

0.1 ‘Waterbirds!

0.0 . . =
Waterbirds CelebA Cat vs Dog - layer 3 0.3169 0.7424 0.0577
-+ layer 4 0.3875 0.7879 0.1740
(a) (b)

Figure 31. (a) Comparison of PRIME against the failure detection performance obtained
through disagreement between predictions from an ensemble of multiple instances of
F on Waterbirds, CelebA and Cats vs Dogs datasets respectively. (b) Ablation study
analyzing the impact of using features from different layers of the base model F as
input to the Prior Induced Model (PIM) ¢ on CIFAR-100 and Waterbirds datasets.

provide these results in Table 13. For ViT-B-16, we explore two PIM variations: one
using features from the first layer and another from the ninth layer of the ViT-B-16
classifier model. From Table 13, it is evident that PRIME continues to outperform as
a more reliable failure estimator, indicating its adaptability with various classifier
architectures. Moreover, obtaining features from the initial layers of the classifier for
constructing the PIM (Prior Induced Model) proves to be more effective than sourcing
them from the deeper layers, aligning with our previous findings.

Detailed Results with PACS: Expanding on the results provided above, we provide
the failure detection performance metrics under the settings where classifier F and
PIM ¢ are trained on different domains. For all experiments, we used early layer
features of the classifier. For each of these experiments, the failure estimation threshold
is established based on the validation set from the respective training domain. The

additional results are tabulated in Tables 14 through 17.
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Table 13. Performance Comparison for ViT-B-16 architecture on the Waterbirds
dataset

Dataset Method FR SR MCC

MSP 0.1587 0.9048 0.0954
Energy 0.4924 0.6732 0.1656
Waterbirds Ent 0.3076  0.8301 0.1613

PRIME layerl
+ mean  0.5592 0.7743 0.3416
+ max 0.6056 0.8091 0.4235
PRIME layer9
+ mean  0.4818 0.6789 0.1613
+ max 0.5380 0.7542 0.2970

5.10 Conclusion

In this work, we introduced PRIME, a novel approach that leverages vision-language
foundation models to detect failures in pre-trained image classification models. Our
key insight was to train an improved version of the pre-trained classifier, PIM,
that learns robust associations between visual features and class-level attributes
by projecting into the shared embedding space of a VLMSs such as CLIP. By analyzing
the disagreement between PIM’s predictions and the original biased model, PRIME can
reliably identify potential failures while offering human-interpretable explanations.
Extensive experiments across multiple benchmarks evidences the consistent superiority
of PRIME over baselines, achieving substantially higher overall scores and better trade-
offs between failure and success recalls. Our work highlights the promise of integrating
vision-language priors into model failure analysis pipelines to facilitate more reliable
and trustworthy deployment of vision models in safety-critical applications. Extending
PRIME to other vision-language models and exploring its application to other failure

modes such as adversarial attacks constitute our future work.
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Table 14. Performance Comparison on PACS dataset, where the classifier and the
PIM are trained and calibrated on the Art Painting domain

Eval. Domain Method FR SR MCC

MSP 0.7345 0.7799 0.4564
Energy  0.6381 0.7698 0.3659
Art Painting Ent 0.6959 0.7837 0.4294

PRIME
+ mean 0.7516 0.9822 0.7928
+ max  0.8458 0.9784 0.8498

MSP 0.5636 0.6675 0.2204
Energy  0.5033 0.7188 0.2141
Cartoon Ent 0.5799 0.6687 0.2371

PRIME
+ mean 0.8394 0.6430 0.4895
+max  0.8945 0.6027 0.5284

MSP 0.5660 0.7857 0.3617
Energy  0.5406 0.8265 0.3851
Photo Ent 0.5305 0.8254 0.3743

PRIME
+ mean 0.6942 0.8594 0.5637
+max  0.7754 0.8424 0.6200

MSP 0.6412 0.6088 0.2445
Energy  0.3252 0.8238 0.1639
Sketch Ent 0.6001 0.6252 0.2196

PRIME
+ mean 0.8642 0.4977 0.3944
+max  0.9066 0.4576 0.4187

97



Table 15. Performance Comparison on PACS dataset, where the classifier and the
PIM are trained and calibrated on Cartoon domain

Eval. Domain Method FR SR MCC

MSP 0.4988 0.6999 0.1938
Energy  0.5467 0.6335 0.1739
Art Painting Ent 0.4772 0.7118 0.1855

PRIME
+ mean 0.6602 0.7556 0.4011
+max  0.6270 0.7849 0.3977

MSP 0.6280 0.9206 0.4343
Energy  0.5427 0.9211 0.3761
Cartoon Ent 0.5061 0.9349 0.3818

PRIME
+ mean 0.6341 0.9950 0.7430
+ max  0.5854 0.9950 0.7092

MSP 0.4561 0.7660 0.2281
Energy  0.4819 0.7418 0.2266
Photo Ent 0.4355 0.7974 0.2431

PRIME
+ mean 0.6656 0.8916 0.5552
+max  0.6316 0.9016 0.5354

MSP 0.6033 0.6570 0.2497
Energy  0.5668 0.7372 0.2926
Sketch Ent 0.5470 0.7202 0.2575

PRIME
+ mean 0.7604 0.8871 0.6220
+max  0.7132 0.9006 0.5887
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Table 16. Performance Comparison on PACS dataset, where the classifier and the
PIM are trained and calibrated on Photo domain

Eval. Domain Method FR SR MCC

MSP 0.5364  0.5983 0.1220

Energy 0.6269  0.5254 0.1399

Art Painting Ent 0.5658  0.5847  0.1365
PRIME

+ mean 0.6272  0.6955  0.2913
+max  0.5653  0.7266  0.2630

MSP 0.43532 0.56802 0.00258
Energy  0.59117 0.51313 0.08078
Cartoon Ent 0.44831 0.55131 -0.00029

PRIME
+ mean 0.47292 0.66274 0.10499
+ max 042448 0.75236 0.13940

MSP 0.5278  0.9835  0.4537

Energy 0.5000  0.9633  0.3189

Photo Ent 0.5556  0.9859  0.4965
PRIME

+ mean 0.7143  0.9939  0.7082
+ max  0.6571  0.9927  0.6498

MSP 0.2226  0.8689  0.0886
Energy 0.3440  0.9324  0.2377
Sketch Ent 0.2176  0.8919  0.1077

PRIME
+ mean 0.4229  0.9424  0.2996
+ max  0.4103 0.9263  0.2774
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Table 17. Performance Comparison on PACS dataset, where the classifier and the
PIM are trained and calibrated on Sketch domain

Eval. Domain Method FR SR MCC

MSP 0.3836 0.6026 -0.0112
Energy  0.3317 0.6462 -0.0184
Art Painting Ent 0.4331 0.5513 -0.0124

PRIME
+ mean 0.9156 0.1769 0.1200
+max 09710 0.1179 0.1670

MSP 0.4536 0.6892 0.1326
Energy 0.5270 0.6129 0.1279
Cartoon Ent 0.5215 0.6633 0.1692

PRIME
+ mean 0.8830 0.5640 0.4717
+ max  0.8563 0.5338 0.4065

MSP 0.3107 0.6667 -0.0179
Energy  0.2750 0.7074 -0.0145
Photo Ent 0.3479 0.6481 -0.0031

PRIME
+ mean 0.9679 0.1333 0.1734
+max  0.9850 0.1148 0.2116

MSP 0.6822 0.9532 0.4221
Energy  0.3458 0.9314 0.1702
Sketch Ent 0.6449 0.9464 0.3778

PRIME
+ mean 0.4673 0.9950 0.5729
+max  0.4299 0.9639 0.3034
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Chapter 6

CONTRASTIVE KNOWLEDGE-AUGMENTED META-LEARNING FOR
FEW-SHOT CLASSIFICATION

Learning to solve new tasks using only few-shot examples is a long-standing
challenge. Meta-learning forms an important class of few-shot learning algorithms that
leverages transferable priors from previously observed tasks to learn new tasks quickly.
For example, model-agnostic meta-learning (MAML) approaches (Finn, Abbeel, and
Levine 2017; Yoon et al. 2018; Lee and Choi 2018; Finn, Xu, and Levine 2018; Finn
and Levine 2017) attempt to learn a single meta model (or base learner) on a set
of observed tasks, which is assumed to be only a few gradient descent steps away
from good task-specific models. Their success hinges on the assumption that the
observed tasks are realizations from a common task distribution p(7). Despite its
mathematical tractability, the premise of using a single base learner can be insufficient
when p(7) is heterogeneous, i.e., the degree of similarity between tasks can be vastly
different (Vuorio et al. 2019). This motivates the need for a meta-model to selectively
utilize knowledge from its previous experience that is the most relevant for the target
task. In this context, task-aware modulation (e.g., MuMo-MAML (Vuorio et al. 2019))
is a popular principle to improve MAML on heterogeneous tasks. Conceptually,
these approaches use latent task encodings, which characterize realizations from a
heterogeneous task distribution, to modulate the base learner and thus improve the
adaptation performance on diverse tasks.

In a quest to further improve the performance, recent methods, such as HSML (Yao

et al. 2019) and ARML (Yao et al. 2020), learn an external knowledge structure for
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Dataset Few-Shot Task Multi-Domain Few-Shot Task Few-Shot Dataset

Setting Adaptation Adaptation Generalization
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Figure 32. Few-shot classification tasks. Here, we formally define the different
problem settings considered in this study. As we move from few-shot adaptation to
few-shot dataset generalization, the problem becomes increasingly challenging and

requires sophisticated task-aware modulation strategies to improve the performance
of MAML.

encapsulating information across training episodes and leverage the knowledge to
selectively utilize prior experience during adaptation. Though these methods are known
to be effective in few-shot adaptation, their generalization under large distribution
shifts (Peng et al. 2019b) and semantic disparities (Triantafillou et al. 2021) can be
improved.

In this chapter, we introduce Contrastive Knowledge-Augmented Meta Learning
(CAML)*, a task-aware modulation approach, with the goal of improving the general-
ization of meta-learners. At its core, CAML belongs to the class of MuMo-MAML-
style approaches (Vuorio et al. 2019). Though CAML is similar to state-of-the-art
ARML (Yao et al. 2020) in representing few-shot tasks as prototype graphs and
using knowledge graphs to encode historical experience, the task encoding scheme,
optimization process and the inferencing procedure are entirely different.
Summary of contributions: (i) We propose a contrastive distillation strategy to

infuse prior knowledge directly into the image embedding module, which leads to

4CAML codebase: https://github.com/Rakshith-2905/CAML
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richer task representations and eliminates the need to perform knowledge extraction
during inferencing; (ii) Building upon the improved image embeddings, we adopt
a computationally cheap task encoding (average pooling) in lieu of sophisticated
architectures (RNN autoencoders in (Yao et al. 2019; Yao et al. 2020)); (iii) We
develop an exponential moving average-based update strategy for the knowledge
structure, which leads to improved generalization of the meta learner; (iv) Using
standard benchmarks (Meta-Dataset, DomainNet), we perform rigorous empirical
evaluation of CAML. In particular, we consider the settings of multi-domain task
adaptation (we are the first to use this setting) and dataset generalization.

Findings: (i) CAML is a computationally simpler alternative to existing structure-
aware meta learners — it uses simple task encoding, is not sensitive to the choice
of the image embedding architecture, and does not require knowledge extraction at
test-time; (ii) Under larger degrees of heterogeneity (multi-domain), we find that
CAML consistently improves upon ARML (2.4% for 1—shot and and 2.6% for 5—shot
settings); (iii) Even in the challenging dataset generalization setting, CAML provides
improvements (across 8 benchmarks from the meta dataset) of 2.1% and 3.3% in

1—shot and 5—shot cases.

6.1 Problem Setup

In this section, we describe the problem settings considered in this study for
studying the behavior of different task-aware meta learning approaches. Figure 32
provides an overview of the formulations considered. Broadly, in few-shot classification,
training tasks drawn from the distribution p"(7) are used to learn how to adapt

quickly to any of the tasks, and evaluated on previously unseen test tasks from p'(7).
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Common to all these formulations is that within each of the datasets, the classes seen
during training are completely disjoint from those seen during testing.

A. Few-shot Task Adaptation. In this setup, let D" = {(x;, yi)}ztlr| denote the
training set comprising samples x; and their labels y;, where y; € C". In other words,
all samples used for training belong to one of the classes from C". The goal is to
learn an adaptable model using D to support learning new classes with only few
examples. For evaluation, we construct a series of few-shot tasks and measure the
model’s ability to adapt to detect novel classes from C* (i.e., C'" N C'* = ()). More
specifically, each k—shot N —way test episode is represented as the tuple T = (S7, Q7),
where the support set contains k examples from each of the N classes (selected
from C*), i.e., S = {(x1,v1), -+, Xen,Van) }, vi € {1,---, N}, and the query set
Q7 = {(x},v}), -} contains different test examples from the same set of N classes.
B. Multi-Domain Few-shot Task Adaptation. In many practical applications,
the training examples x; € D" can encompass a variety of distribution shifts. Hence,
we consider a new scenario where we represent the training set as a composition of
datasets from M different domains, i.e., D" = D" UDL - - - UDY, wherein all samples
(regardless of the domain) belong to a common set of classes C*". The goal here is
to learn to adapt to the tasks drawn from any of the M domains. For evaluation,
both the support and query sets for a test episode 7 are drawn from any domain
m e {l,..., M}, ie., (x,y) € D and the N classes are picked from a disjoint set C*
similar to the previous case.

C. Few-shot Dataset Generalization. In this challenging setting, the training
set is defined as a union of M different datasets D = Di" U DY --- U DY, and more

importantly, it is assumed that each dataset contains examples from different sets

M

of classes {CI"}M . As a result, the goal here is to learn to adapt to completely
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different semantic concepts corresponding to each of the M datasets. For evaluation,
we construct test episodes using novel unseen classes from an entirely different dataset
Di5.,- Denoting the set of classes in the novel dataset as Ci7,,, we will study how

effectively one can leverage the prior to generalize to unseen datasets.

6.2 Background: Task-Aware Meta Learning

While the few-shot learning literature encompasses a wide variety of approaches,
meta-learning is a popular choice (Thrun and Pratt 2012; Nagabandi et al. 2018).
Existing few-shot meta-learning approaches can be broadly categorized into: 1) metric-
based meta-learning frameworks (Snell, Swersky, and Zemel 2017; Koch, Zemel,
Salakhutdinov, et al. 2015; Vinyals et al. 2016) that learn a metric or distance function
to compare different exemplars; 2) model-based approaches where meta-learning
models learn to adjust the model parameters to adapt to new tasks (Munkhdalai
and Yu 2017; Santoro et al. 2016); and 3) gradient-based model agnostic meta-
learning models. In particular, our work builds upon model agnostic meta-learning
(MAML) (Finn, Abbeel, and Levine 2017), which is formulated below.

Given a set of episodes, {7/, -+, TE"} comprised of support and query sets
(7" = (Srtr, Qrr)), from the training set D', MAML considers the meta-learner as
the initialization of a task network f, i.e., 6y, and optimizes for a well-generalized

initialization 6. Formally,

R
0, = arg méinZE(fgi; Qrr) (6.1)
i=1
R
= arg Hléil’l Z L(f@—anE(G;ST_tr”g:g; QT{”)’ (62>
i=1 ‘

where the task-specific initialization 6; is obtained using a gradient step from the
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Figure 33. Approach Overview. An illustration of the proposed approach for
task-aware meta learning. CAML involves four key steps: (i) construct a prototype
graph for each training task; (ii) extract knowledge-infused task representation via
contrastive distillation; (iii) modulate the base learner based on the task encoding;
(iv) update the meta knowledge graph using an exponential moving average strategy.
The symbol sg denotes the stop gradient operation, ¢.e., the node features of M are
not directly updated.

meta-initialization 6,. Note, the notation  refers to the variables used during the
optimization of this bi-level objective function. Here, L( fp; 87—1_”) is implemented as

the cross entropy loss > S log P(y|x, fp)-
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Task-Aware Modulation. When the tasks used for meta-learning are sampled from
a heterogeneous task distribution, inferring a common parameter initialization 6, for
all tasks can be fundamentally restrictive. Hence, task-aware modulation (Vuorio
et al. 2019) is a more effective formulation that aims at building a meta-learner which
can generalize on heterogeneous task distributions through a set of latent parameters
representing task-specific characteristics. For example, MuMo-MAML (Vuorio et
al. 2019) first uses a task encoder to encode the training episode for a given task into
a task embedding vector v;. The task embedding is then used to obtain modulation
vectors that are applied to the global initial parameters 6, thereby producing task-
aware initialization 6y;. Extending the MAML formulation in (6.2), the task-aware
modulation can be carried out using the support set in the training episode Sy and
the updated initialization 6g; is used to perform the meta-optimization.

While task-specific initialization can lead to improved generalization on heteroge-
neous tasks, its effectiveness relies on the ability of the task embeddings to encapsulate
all relationships between the large number of observed tasks. Since it is challenging
to learn such expressive embeddings, more recent approaches have resorted to storage
and retrieval of task-relevant information from historical experience, in order to better
balance generalization and customization (task-aware modulation) (Yao et al. 2019;
Yao et al. 2020). For example, hierarchically structured meta learning (HSML) and
automated relational meta-learning (ARML) (Yao et al. 2020) use an external meta
knowledge structure to assist the task encoding process. By adopting these knowledge-
enhanced representations coupled with a sophisticated task encoder, these approaches
often outperform MAML and MuMo-MAML in the standard, few-shot task adaptation

setting.
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6.3 Proposed Approach

Our goal is to improve the generalization of meta learners under challenging
distribution shifts and large semantic disparities. To this end, we develop CAML (see
Figure 1), a task-aware modulation approach that uses a meta knowledge graph M
to encapsulate historical experience.

Overview: CAML is comprised of four key steps: (i) Prototype graph generation:
The first step is to represent each few-shot task as a prototype graph, so that one can
incorporate information from the meta knowledge graph and subsequently define a
task encoding strategy. The nodes of the prototype graph correspond to class-level
centroids computed using features from an image embedding module; (ii) Knowledge-
enhanced task encoding: In this step, our goal is to enhance the node features of
the prototype graph with relevant information from the knowledge graph. To this
end, we propose a novel contrastive training strategy that directly refines the image
embedding module by distilling from the knowledge graph. Finally, we define a task
encoding based on simple average pooling of prototype node features without any
learnable parameters; (iii) Task-specific modulation: Next, we will use the inferred
task representations to compute a modulation function that can be applied to the base
learner and obtain a task-specific initialization; (iv) Meta knowledge graph update:
The final step is to update the knowledge graph in each training epoch based on the
current batch of tasks, which is implemented using an exponential moving average

mechanism.
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6.3.1 Algorithm

Step 1: Prototype Graph Generation. Conventionally, feature extractors are
used to embed data in low-dimensional latent spaces, where the different classes are
easily separable. In task-aware modulation, our goal is to obtain such representations
for different few-shot tasks, such that two tasks that are similar in the latent space can
use the same task network initialization for effective adaptation. Each k—shot N—way
training episode 7;'" is comprised of support and query sets (STZ;T Qﬁtr), wherein there
are k samples in each of the N classes randomly selected from C*". CAML begins by
constructing a prototype-based graph Yao et al. 2020 with the image embeddings.

Formally, given the support set St = {(x;,y;),Vj € [1,--- ,kN]} for a training
episode, we compute embeddings for each image x; in the task using an embedding
function. While a variety of design choices can be adopted for this, we implement
the embedding function using a ResNet-18 architecture. Using the sample-level
embeddings, we then compute the prototype vector for each class n € [1,---, N] by
taking the average of the embeddings:

v=r Y B, (6.3

(Xj ’yj)GSTtT
yj=n '

where B denotes the feature extractor that projects an image x; into R?. Given the
sensitivity of few-shot learning methods to the limited number of examples, operating
on the prototype representations reduces the effect of atypical samples. The prototype
graph representation is used to both optimize the knowledge-aware task encoding and
to update the meta knowledge graph. We also define a simple task encoding function

based on the prototype node features:

2= U(Sp) =+ > owp (6.4)
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Node embeddings with high class separability and infused prior knowledge enables the
use of this simple feature aggregation strategy in contrast to ARML (Yao et al. 2020)
and HSML (Yao et al. 2019), which require sophisticated aggregation strategies (e.g.,

RNN autoencoders).

Step 2: Knowledge-Enhanced Task Encoding. The desideratum of an ideal
embedding function in task-aware modulation is to produce expressive task represen-
tations that capture the complexity of a given task. Similar to existing structured
meta-learning approaches, we adopt a meta knowledge graph structure to encode
the historical experience and propose a novel contrastive distillation strategy to pro-
duce knowledge-enhanced task encodings. Note that existing approaches update the
knowledge structure directly using gradients from the meta update step, which limits
its ability to trade-off generalization and customization. Instead, we do not allow
gradients to directly alter the knowledge graph (stop gradient or the symbol sg in
Figure 1).

Formally, let us denote the knowledge graph as M with randomly initialized
node features Hyq = {h;},j =1,--- , M and edges €y Using the prototype graph,
G = (V;, &), we perform a contrastive distillation from M to the embedding function
B. The edges in both G; and M are parameterized as a function of the absolute
difference of the corresponding node features. For example, for any two nodes with
features a and b, Fdge(a,b) = o(UT|a — b|), where U € R¥! is the weight matrix
common to all node pairs and ¢ is the sigmoid function.

In order to extract information for an episode 7; from M, we construct a super-
graph comprising nodes from both G; and M. The cross-edges are computed as the

softmax of the set of negative Fuclidean distances between the pairs. For a pair
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V:-L € V; and hj E./\/l,

oy el = b))
Bdge(viby) = S (= = 1) /2 T/2) (6:5)

In order to effectively balance between knowledge-enhanced representations and
the native representations from the embedding function, we propose a contrastive
learning strategy inspired by several existing self-supervised learning approaches such
as SimCLR and InfoNCE (Ting Chen et al. 2020; Oord, Li, and Vinyals 2018). Here,
we consider the positive pair to be the task encodings from the original prototype
representations and the knowledge-enhanced prototype representations obtained via
neural message passing on the super-graph. The negatives are node pairs from G;,
which indicate the level of class separability. This objective Lok p(7;) can be expressed

as:

exp(sim(z;, %))
exp(sim(z;,2;)) + > exp(sim(v™, v)) |
Here, 2; = Y[NM P(G;, M)] indicates the knowledge-enhanced task representations

—E| log (6.6)

obtained by first performing neural message passing (NMP) on the super-graph and
then subsequently averaging the updated prototype node representations v;'. Note
that, when performing NMP to obtain knowledge- enhanced task representations, we
do not allow the node features in the meta knowledge graph h; to be changed, and
only the prototype representations are updated. Furthermore, the similarity function
sim is implemented using the cosine similarity. In effect, this attempts to modify
the embedding function such that the task encoding is consistent with M while also
maximizing the inter-class separability, thus producing rich task representations.

Step 3: Task-Specific Modulation. The next step is to utilize the task encodings
for inferring a task-specific meta initialization. To this end, the task representation z;

is used to implement the following modulation function on the global task network
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Algorithm 4 Training of CAML

1: Input: Distribution over training tasks p(7), hyper-parameters a, A
2: Learnable Parameters: Embedding network B, task network f(6y), modulation
parameters [', meta knowledge graph M, NMP network
3: Initialization: Randomly initialize parameters 6y, B, M, and NMP network
while not done do

L
Sample a batch of tasks 7" ~ p'(T) for each T do

5

Sample S+ and Q7+ from T,
Randomly initialize learnable edges of M
Compute prototype vectors V; as in (6.3)
Build prototype graph G;
Construct task representation z; from (6.4)
10: Compute Lexp(T;) using (6.6)
11: Perform task-aware modulation using (6.7)
12: Update 6 = by — aVoL(0; Sr)
13: Minimize the objective in (6.8) and update 6y, B, I, edge weights of M, and NMP

network for each T," do
14:

Obtain Y, using the strategy in Step 4
15: Update M using Hp averaged over T,

initialization 6y:

‘ggi = F(Qo) = O'(WgZi + bg) o 90, (67)

where W, b, are learnable parameters. Using a gradient-through-gradient optimiza-
tion, one can then refine the task-specific initialization 6y;. We incorporate our

distillation objective from Step 2 into the meta-update loss function:

min Z LU r@)-avoe@:8mlora) Lrr) + Mern(Ti)- (6.8)

Here, Q2 corresponds to the parameters of feature extractor B, NMP network and
modulation function I'. The hyper-parameter A\ controls the influence of the contrastive

distillation term in the overall objective.

Step 4: Meta Knowledge Graph Update. The final step is to update M with
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Table 18. Few-shot task adaptation. Performance comparison of the proposed
approach against state-of-the-art meta-learning methods. In order to demonstrate that
CAML performs competitively in few-shot adaptation, we used 4 different datasets
from Meta-Dataset.

Method Bird Texture Aircraft Fungi Average
Number of Shots = 1
Meta-SGD (Z. Li et al. 2017) | 55.58 £ 1.43 [ 32.38 £ 1.32 [ 52.99 £ 1.36 [ 41.74 + 1.34 [ 45.67

MAML (Finn, Abbeel, and Levine 2017) = 53.94 4+ 1.45  31.66 + 1.31  51.37 + 1.38  42.12 + 1.36 44.77

MT-Net (Lee and Choi 2018) 58.72 £ 1.43 || 32.80 + 1.35 || 47.72 £ 1.46 || 43.11 £ 1.42 || 45.59
B-MAML (Yoon et al. 2018) 54.89 + 1.48 || 32.53 + 1.33 || 53.63 £+ 1.37 || 42.50 £+ 1.33 || 45.88
HSML (Yao et al. 2019) 55.99 £+ 1.41 || 32.51 £+ 1.35 || 51.26 4+ 1.35 || 42.86 £ 1.42 45.66
MuMo-MAML (Vuorio et al. 2019) 56.82 £ 1.49 || 33.81 £ 1.36 || 53.14 4+ 1.39 | 42.22 £ 1.40 46.50
ARML (Yao et al. 2020) 59.43 + 1.46 || 33.30 + 1.30 || 56.20 £+ 1.34 || 45.85 + 1.46 || 48.70
Proposed 59.71 £ 1.46 || 35.47 £ 1.38 || 57.55 4+ 1.37 || 44.97 £ 1.44 || 49.425

Number of Shots = 5
Meta-SGD (Z. Li et al. 2017) 67.87 £0.74 4549 + 0.68 66.84 £ 0.70 52.51 £ 0.81 58.18
MAML (Finn, Abbeel, and Levine 2017) || 68.52 & 0.79 || 44.56 &+ 0.68 | 66.18 &+ 0.71 || 51.85 + 0.85 || 57.77
MT-Net (Lee and Choi 2018) 69.22 + 0.75 || 46.57 = 0.70 | 63.03 £ 0.69 || 53.49 £+ 0.83 | 58.08
B-MAML (Yoon et al. 2018) 69.01 £ 0.74 || 46.06 + 0.69 | 65.74 &+ 0.67 || 52.43 £ 0.84 | 58.31
HSML (Yao et al. 2019) 72.07 £ 0.71 || 44.71 +£ 0.66 | 64.73 £ 0.69 || 53.38 £ 0.79 || 58.65
MuMo-MAML (Vuorio et al. 2019) 70.49 £ 0.76 || 45.89 + 0.69 | 67.31 £+ 0.68 || 53.96 £ 0.82 | 59.41
ARML (Yao et al. 2020) 71.97 £ 0.70 || 47.18 £ 0.78 || 73.63 £ 0.64 || 55.23 £ 0.81 || 62.00
Proposed 73.09 £ 0.73 || 48.62 + 0.69 | 72.88 £ 0.64 || 56.11 £ 0.81 || 62.675

information from the current batch of tasks. By not allowing gradients from the meta
update step to alter node features H ., we are able to better control the historical
experience encoded in M. More specifically, using the dataset 7, for each i in
parallel, we update the node features h; € H 4 using neural message passing on the
super-graph to obtain ﬁ; In contrast to the distillation loss computation, during this
NMP, we do not allow the prototype node features to be changed and update only the
node features of M. Note that, for both the prototype and the knowledge graphs, we
use the edges inferred after the meta update in Step 3. Let ﬁj denote the average of

B;, Vi. Finally, we employ an exponential moving average update of the node features
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Table 19. Multi-Domain task adaptation. Performance comparison of ARML
and CAML when the meta-learners were trained using tasks from multiple domains.
CAML produces consistently improved generalization in all settings.

Method ClipArt InfoGraph Painting QuickDraw  Average
H Nuﬂlber of Shots 44 1 H H
ARML (Yao et al. 2020) |, 47.46 + 1.48 | 30.61 4+ 1.26 , 40.26 + 1.41 |, 65.71 £+ 1.33 46.01
Proposed 50.60 £+ 1.42 || 34.13 £ 1.35 || 43.13 &+ 1.44 || 65.75 £ 1.35 48.40
Number of Shots = 5
ARML (Yao et al. 2020) || 66.58 + 0.73 || 46.19 & 0.76 || 56.86 + 0.72 | 83.14 & 0.55 63.19
Proposed 68.47 £ 0.71 || 50.35 &+ 0.75 | 60.94 £+ 0.70 || 83.47 £ 0.57 | 65.80

Table 20. Dataset Generalization. The evaluation is carried out using a leave-one-
out protocol on the meta-dataset. We find that CAML achieves significantly improved
performance over ARML.

Method Bird Texture Aircraft Fungi Flower Traffic Omniglot Quickdraw Imagenet | Average
| | | | Number offhots — 1 | | | |

ARML (Yao et al. 2020) , 38.34 £ 1.35 | 27.13 & 1.33 | 27.45 + 1.23 | 32.85 + 1.38 | 54.79 &+ 1.35 | 39.36 + 1.33 | 70.98 & 1.24 | 48.02 &+ 1.36 , 32.67 + 1.32 41.25
Proposed 40.56 4 1.42 || 28.75 £ 1.33 || 28.41 £ 1.24 || 33.73 & 1.37 || 57.89 £ 1.43 || 44.22 & 1.39 || 71.93 & 1.19 || 49.62 £ 1.31 || 34.95 & 1.34 43.34
Number of Shots = 5
ARML (Yao et al. 2020) | 55.48 =+ 0.80 || 36.49 & 0.64 || 36.39 + 0.63 | 44.15 £ 0.73 || 71.80 & 0.68 | 52.69 + 0.66 || 89.61 & 0.44 || 66.61 &+ 0.75 | 44.63 £ 0.72 55.31
Proposed 58.48 4 0.72 || 39.78 £ 0.65 || 39.45 £ 0.65 || 45.26 = 0.75 | 73.12 £ 0.69 || 62.18 & 0.69 | 91.06 + 0.42 || 68.32 £ 0.74 || 50.39 & 0.73 58.67

Data Generalization: 1-Shot Training
> Image Encoder | Task Encoding A Use KG? Bird Texture Aircraft Traffic Average
"S Shallow CNN Avg. Pooling X 38.18 £ 1.34 | 2791 £ 1.33 | 27.77 £ 1.27 | 4470 £ 1.32 34.64
o< Resnet-18 RNN Autoenc. X 40.88 +1.39 | 2841 £1.28 | 28.75+1.25 | 4344+ 1.35 35.47
ResNet-18 Avg. Pooling v 39.72 4+ 1.40 | 29.55 + 1.35 | 27.39 + 1.24 | 44.26 + 1.34 35.23
ResNet-18 Avg. Pooling X 40.56 +1.42 | 28.75 +£1.33 | 2841 +1.24 | 44.22 +1.39 35.48
(a) Choice of hyper-parameters (b) Impact of different design choices

Figure 34. Ablations. We used dataset generalization experiments with 1—shot
training to study the impact of different design choices on the performance of CAML:
(a) Sensitivity of a, A; (b) We explored two architectures for the image encoder (shallow
CNN, ResNet18), two task encoding strategies (Average pooling, RNN autoencoder)
and the effect of using the inferred knowledge graph at test time.

of the meta knowledge graph via h; = aﬁj + (1 — a)h;, where the hyper-parameter a

controls the amount of history retained from previous episodes.
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6.4 Results and Findings

Datasets. We consider two large-scale benchmark datasets to evaluate our
proposed task-aware modulation approach under the three settings in Figure 32: (i)
Meta-Dataset: This is a widely adopted benchmark (Triantafillou et al. 2020) for
few-shot image classification and is comprised of multiple image-classification datasets.
From this benchmark, we utilize eight datasets for our experiments - (a) CUB-200-2011
(Bird) dataset with 200 classes; (b) describable textures dataset (Texture) with 43
classes; (c) FGVC aircraft (Aircraft) dataset with 100 classes; (d) FGVCx-fungi (Fungi)
dataset with 1500 classes; (e) VGG flowers (Flower) dataset containing 102 classes;
(f) German traffic signs dataset (Traffic) with 43 classes; (g) Omniglot dataset with
50 classes; (h) Quickdraw dataset with 345 classes; (i) mini-Imagenet with 100 classes.
We sampled 5-way few-shot tasks from these datasets for 1— and 5—shot training
settings respectively. In each of these datasets, we also constructed disjoint subsets
of classes C'" and C' for training and testing. For evaluation, we constructed k-shot
N-way tasks from the unseen classes C'. Note, for all experiments, the images were
resized to 84 x 84 x 3; (ii) DomainNet: This popular benchmark (Peng et al. 2019b)
for domain adaptation contains images from six different domains (clip-art, info-graph,
painting, quick-draw, real, and sketch) belonging to 345 classes. To ensure availability
of sufficient data for creating tasks, we ignored classes with less then 50 images and
used random splits of 136 and 39 classes for training and evaluation.

Experimental details: For all our experiments we utilized a meta knowledge graph
with 4 nodes with 128D features. We leverage a single layer Graph Convolutional
Network (GCN) with tanh activation for NMP. The base learner uses a 4 layer CNN

with 3 x 3 filters and a single liner classification layer. The 1-shot algorithms were
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trained for 50K iterations and the 5-shot experiments we trained for 40K iterations,
both using a meta batch size 4. We utilized the Adam optimizer for the meta update

step and for the inner loop, we performed 5 gradient steps using SGD.

6.4.1 Findings

CAML performs competitively in standard few-shot adaptation. In our first
experiment, we evaluated the ability of CAML to adapt to novel tasks sampled from
unseen classes (within the same datasets), and compared against different gradient-
based meta learning approaches on the Meta-Dataset benchmark. From the results
in Table 18, we clearly notice that approaches that leverage task-aware modulation,
e.g., MuMo-MAML, HSML, ARML, CAML etc., consistently outperform vanilla
meta-learning approaches such as MAML and Meta-SGD. Among existing task-aware
modulation strategies, ARML has been known to produce state-of-the-art results on
this benchmark®. We find that CAML performs competitively to ARML and HSML
in both 1— and 5— shot training settings, while not requiring knowledge extraction at
inference time. This can be attributed to the ability of CAML to capture complex task
relations and to effectively distill relevant historical information into the embedding
function.

CAML can handle task heterogeneity in multi-domain adaptation. To
further study the performance of CAML on heterogeneous task distributions, in this

experiment, we considered DomainNet, a multi-domain benchmark. While both the

®We used the official implementation from the authors (https://github.com/huaxiuyao/ARML)
to generate all results for ARML. Even with the prescribed settings, our metrics in Table 1 were
lower than those reported in their paper. A few others have also raised this issue on Github, but the
authors had not responded at the time of submission.
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training and testing tasks were drawn from the same collection of domains (ClipArt,
InfoGraph, Painting, QuickDraw), we ensured that the set of classes C'" and C* were
disjoint. In this setting, the increased complexity of the task distribution makes
the modulation process more sensitive, when compared to the previous experiment.
For simplicity, we compare CAML with the best performing task-aware modulation
baseline, i.e., ARML (our experiments showed CAML was better than MuMo-MAML
and HSML as well). As shown in Table 19, CAML achieves performance gaps of 2.4%
and 2.6% on average, in 1—shot and 5—shot settings respectively.

CAML produces robust task encodings for dataset generalization. Finally,
the dataset generalization experiment investigates the ability of CAML to generalize
to unseen datasets. The lack of apparent semantic similarity between the classes across
different datasets makes this significantly harder. However, improved performance in
this problem will be of the most practical value. In this experiment, we evaluated the
generalization using a leave-one-out protocol, where we train the meta learner using 8
datasets in Meta-Dataset and evaluate on the ninth dataset. From Table 20, we find
that CAML achieves significant performance gains in all training settings — average
gains of 2.1% and 3.3% over ARML with the same experimental setup. The observed
performance improvements emphasize the efficacy of our meta knowledge construction

process, and the robustness of the task representations even for unseen datasets.

6.4.2 Ablations

We now discuss the impact of different design choices. (i) Choice of o and

A: Figure 34(a) illustrates the sensitivity of different choices for a and A\. While «

controls the degree to which the history is retained, A controls the penalty for the

117



ARML|  “°] TSNE 5, 12 CAML

0 200 400 600 800 -4 20 0 20 0 200 400 600 800 6 10k 20k 30k 40k S50k
Graph Fourier Component Graph Fourier Component Iterations

(a) Analysis of ARML task representations (b) Analysis of CAML task representations (c) Training behavior

Figure 35. Analysis. (a)-(b) Graph Signal Analysis of the task encodings from ARML
and CAML for a dataset generalization experiment. For each method, we show the
2-D TSNE embeddings of task encodings for 1000 test tasks and the graph Fourier
spectrum of the accuracy score function defined at the nodes of a k-nearest neighbor
graphs constructed from the task encodings (k=5); (¢) Convergence characteristics
of CAML and ARML for a dataset generalization experiment in the 1—shot training
setting.

distillation cost. These two parameters are used to trade-off generalization (to new
tasks) and customization (to observed tasks) of the learner. We find that, when « is
very low, i.e., knowledge graphs evolves slowly, using a higher A hurts the performance.
On the other hand, for a reasonably higher o = 0.2, the choice of A becomes less
sensitive. In all our experiments, we used o = 0.2, A = 0.05;

(ii) Choice of feature extractor: We studied the impact of the choice of architecture
for image embedding. In particular, we experimented with (a) ResNet-18; and (b) a
shallow CNN (similar to (Vuorio et al. 2019)), for the case of dataset generalization.
As showed in Figure 34(b), we find that the performance gap between the two models
is only ~ 0.8% on average. This behavior emphasizes the flexibility of implementing
CAML, wherein our contrastive distillation strategy is effective with even a shallow
CNN model;

(iii) Choice of task encoding: We argued earlier that, through the use of inherently
effective image embeddings, CAML can work with a naive task encoding. To validate
this claim, we re-implemented CAML using RNN autoencoder-based task encodings

and compared it against the average pooling strategy. Similar to the previous abla-
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tion, we used a dataset generalization experiment in the 1—shot setting (see Figure
34(b)). We find that the RNN autoencoder did not lead to any significant changes in
performance (on average the difference was only 0.02%);

(iv) Influence of using meta knowledge during adaptation: Though we used
a simple protocol for adaptation, we also experimented with a variant, where we
performed knowledge infusion (using NMP) at test-time. As showed in Figure 34(b),
we found that this did not provide any additional gains (on average 0.25% lower
performance), thus implying that the relevant prior information has been effectively
distilled into the embedding function;

(v) Choice of v in Eq. 6.5: This parameter was identified using a standard hyper-
parameter search. Since the edge weights are learnable (i.e., prototype node features
v are updated), we find that the choice of 7 is not sensitive. We searched for « in
the range [1,12] and we noticed only marginal variations (< 0.5% on average) across

choices.

6.5 Analysis

In order to justify the improved behavior of CAML over ARML, we analyzed
the expressivity of their corresponding task encodings using tools from graph signal
processing. More specifically, we first computed the set of task representations ZCAME

ZARML yegpectively, for a set of 1000 unseen tasks from a dataset generalization

and
experiment ( Traffic was the unseen dataset). We also obtained the accuracies for all
1000 tasks on the query sets, which are denoted as f**MY and fARME - Qur hypothesis

is that if the task representations are robust, two tasks with similar encodings should

lead to similar accuracy scores.
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To test this hypothesis, we constructed k-nearest neighbor graphs for both CAML
and ARML embeddings to obtain the graph adjacency matrices GEAME and GARME,
Next, we computed the graph Fourier basis. Finally, we performed the graph Fourier
transform of the signal defined as a vector of accuracy scores. The expectation is
that, when the task encodings are robust, the resulting graph Fourier spectrum should
concentrate most of the signal’s energy at low frequencies. Figure 35(a)-(b) plots
the Fourier spectra obtained for CAML and ARML, when the number of neighbors
k was set to 5. Even with such a small neighborhood size, the spectra for ARML
contains non-trivial energy at even high frequencies, thus indicating that the task
encodings are not consistent with the expected classification performance. In contrast,
for CAML, we notice that most of the signal energy is concentrated at low frequencies,
thereby demonstrating its improved generalization. This improved behavior is also
apparent from the convergence plot in Figure 35(c). The plot shows the accuracy
metric measured using the query set of each of the training tasks observed during

every iteration.
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Chapter 7

LEARNING KNOWLEDGE GRAPH HIERARCHIES FOR IMPROVING
FEW-SHOT CLASSIFICATION

7.1 Introduction

Learning to solve new tasks using only few-shot examples is a long-standing
challenge for machine-learned models. Meta-learning forms an important class of
few-shot learning algorithms that leverages transferable knowledge priors from pre-
viously learned tasks to learn new tasks quickly, akin to human intelligence. For
example, the widely adopted gradient-based model-agnostic meta-learning (MAML)
approaches (Finn, Abbeel, and Levine 2017; Yoon et al. 2018; Lee and Choi 2018)
attempt to learn a single meta model (or base learner) on a set of observed tasks, which
is assumed to be only a few gradient descent steps away from good task-specific models.
Their success hinges on the assumption that the observed set of tas are realizations
from a common task distribution P(7). Despite its mathematical tractability, the
premise of using a single base learner can be insufficient when the task distribution
P(T) is heterogeneous, i.e., the degree of similarity between tasks can be vastly differ-
ent (Vuorio et al. 2019). For example, the observed data can contain both semantically
similar (e.g. classifying sparrows and ravens) or disparate (e.g. classifying flowers and
traffic signs) tasks, making the assumption of a single base learner restrictive. This
motivates the need for a meta-model to selectively utilize knowledge from its previous
experience that is the most relevant for the test task.

In this context, task-aware modulation (Vuorio et al. 2019) (TAM) has emerged
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as an important principle to improve the performance of MAML on heterogeneous
tasks. Conceptually, TAM infers latent representations to characterize realizations
from a heterogeneous task distribution P(7) (i.e., learnable task representations), and
modulates the base learner appropriately based on latent characteristics of the new
task that we want to solve. As expected, the success of this approach hinges on the
ability of the learned task representations to encapsulate all relationships between the
large number of observed tasks used for MAML training (several tens of thousands),
and this is known to be very challenging in practice.

In order to make fundamental advances over TAM, researchers have turned to
insights from how humans effectively generalize different experiences to novel situations.
One such important hypothesis is that this generalization ability relies on relational
memory (Ngo, Newcombe, and Olson 2018; Wing et al. 2021), which allows humans to
store and retrieve information based on conceptual relationships. For example, in order
to learn to detect a new type of fruit, one can re-purpose knowledge about different
fruits and their properties, or more generally about even shapes and colors, but not
from a vehicle type classification task. This structured retrieval of information makes
it easier to learn a new task by selectively utilizing knowledge from prior experience.
This critical insight has led to the design of a new class of few-shot meta-learning
approaches that perform structured storage and retrieval of task-relevant information.
For example, hierarchical structured meta-learning (HSML) (Yao et al. 2019) uses a
hierarchical knowledge structure for encapsulating task representations. Though HSML
improves task-aware modulation protocol through implicit hierarchical clustering of
semantics, it still uses simple vector representations for tasks similar to vanilla TAM
and in practice, the design of the hierarchy (number of levels and number of clusters

in each level) is highly sensitive. To mitigate these challenges, (Yao et al. 2020)
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recently introduced automated relational meta-learning (ARML), which replaced task
representations and the knowledge structure using more expressive graphs (instead of
vectors or hierarchies) and developed a graph-based learning algorithm for automatic
extraction of relational structure from heterogeneous task distributions. However,
in comparison to HSML, ARML lacks the ability to organize knowledge at different
levels (coarse and fine-grained), which we find to be very important for improving the
expressive power of the knowledge structure.

In this chapter, we propose Structured Graph Meta-Learning SGML, which
unifies the strengths of these different families of structured meta-learning methods.
SGML adopts a graph-based learning framework, similar to ARML, but also orga-
nizes task-relevant priors at different levels of complexity in the form hierarchies of
knowledge graphs. More specifically, each input task is represented as a graph of
class prototypes and the node features in this graph are augmented with relevant
historical information from the knowledge structure through a neural message passing
mechanism. Finally, the prototype graph and the augmented prototype graph are
aggregated to perform task-aware modulation of the shared base learner. Using
the Meta-Dataset benchmark (Triantafillou et al. 2020), we carried out empirical
studies to compare the proposed SGML with state-of-the-art structured meta-learning
approaches, namely HSML and ARML, and we find that SGML provides significant
performance gains even with highly heterogeneous tasks.

Our contributions are as follows:

e We propose SGML, a new structured meta-learning approach, which learns a
hierarchy of knowledge graphs to represent information from historical tasks
and performs task-aware modulation for effective adaptation.

e We empirically showcase the utility of our more expressive knowledge structure
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by obtaining average performance gains of ~ 2% over state-of-the-art structured
meta-learning approaches.

e We study the new scenario of out-of-distribution few-shot learning, where the
model is evaluated on tasks from unseen datasets, and show that SGML’s
superior inductive bias improves performance by ~ 3% on novel unseen tasks

when compared with state-of-the-art framework ARML.

7.2  Few-Shot Meta Learning

The goal of few-shot meta-learning is to learn task-specific functions using few
data samples and training iterations. For a task 7; sampled from an underlying task
distribution P(7T), we have DI" = (x;,y;) : j € [1, N'] constituting the training set,
and correspondingly D representing the test set. The goal is to perform a K-way
classification task, where K is the number of unique labels in task 7;. Note, while
the number of classes K is typically fixed across tasks, the specific classes vary across
tasks. In few-shot learning settings, the number of data examples (or shots) in each
class is assumed to be very small. During the training phase, the model can access
several tasks {7;}, from which it can “learn to learn” effectively.

While the few-shot learning literature encompasses a wide variety of training
algorithms, meta-learning is a popular choice (Thrun and Pratt 2012) for both
classification and reinforcement learning (Nagabandi et al. 2018). Existing few-shot
meta-learning approaches can be broadly categorized into: 1) metric-based meta-
learning frameworks (Snell, Swersky, and Zemel 2017; Koch, Zemel, Salakhutdinov,
et al. 2015; Vinyals et al. 2016) that learn a metric or distance function to compare

different exemplars; 2) model-based approaches where meta-learning models learn to
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adjust the model parameters to adapt to new tasks. such as the RNN-based meta-
learning of (Munkhdalai and Yu 2017) and (Santoro et al. 2016); and 3) gradient-based
model agnostic meta-learning models. Our work builds upon these, specifically model
agnostic meta-learning (MAML) (Finn, Abbeel, and Levine 2017), which can be
formulated as follows: Given a set of R few-shot learning tasks, {71, -, Tg}, sampled
from P(T), MAML considers the meta-learner as the initialization of the model f,

i.e., 6y, and optimizes for a well-generalized initialization 6;. Formally,

R

0 = argmin »  L(fo; D}Y) (7.1)
i=1
R

= arg mb_)in Z ﬁ(fé—avgc(e;pgr); D?)a (7-2)
=1

where the task-specific initialization 6; is obtained using a gradient step from the
meta-initialization 6y. Here, the loss function £(6; D!") denotes the cross entropy.
Task-Aware Modulation. When the tasks used for meta-learning are sampled
from a heterogeneous task distribution, inferring a common parameter initialization
0y for all tasks can be fundamentally restrictive. Hence, (Vuorio et al. 2019) proposed
a more effective formulation that aims at building a meta-learner which can generalize
on heterogeneous task distributions through a set of latent parameters representing
task-specific knowledge. First, a task encoder is used to encode the training data for
a given task 7; into a task embedding vector v;. The task embedding is then used to
obtain modulation vectors that are applied to the global initial parameters 6, thereby
producing task-aware initialization 6p;. Extending the MAML formulation in (7.2),
the task-aware modulation is carried out using the training data {D!"} and 6, is used

to perform meta-optimization.
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7.3 Structure-Aware Meta Learning for Heterogeneous Tasks

While task-specific initialization can lead to improved generalization on heteroge-
neous tasks, its effectiveness relies on the ability of the task embeddings to encapsulate
all relationships between the large number of observed tasks and thus performing
similar parameter modulation for related tasks. Since it is challenging to learn such
expressive embeddings, more recent approaches have resorted to storage and retrieval
of task-relevant information from external knowledge structures in order to better
balance generalization and customization (task-aware modulation). In particular, hier-
archically structured meta-learning (HSML) and automated relational meta-learning
(ARML) are the two such approaches that are the most relevant to the proposed work.

Hierarchically Structured Meta-Learning (HSML) (Yao et al. 2019).
The core idea of HSML is to enhance few-shot meta-learning by explicitly inducing
a task clustering step, thus enabling customization to different clusters of tasks as
well as ensuring generalization among semantically related tasks. In particular, by
adopting a hierarchical clustering formulation, HSML effectively performs coarse- and
fine-grained categorization of heterogeneous tasks. Given a task 7;, HSML begins
by inferring a task embedding vector (a.k.a task representation), similar to TAM,
using a recurrent autoencoder network. Subsequently, this task representation is
augmented with information from the hierarchical knowledge structure using a soft
cluster assignment strategy.

Each node (or cluster) in the hierarchical knowledge structure contains learnable
parameters (weights and biases) that are used to transform the input task representa-
tion from level £ — 1. The updated task representations obtained after traversing the

entire hierarchy can then be leveraged to perform task-aware modulation.
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Figure 36. An overview of the proposed approach for structure-aware meta-learning.
SGML represents input few-shot tasks using prototype graphs and constructs knowl-
edge graph hierarchies to capture task relationships as the algorithms processes a
sequence of tasks. For any task 7;, its prototype graph is augmented with relevant
information from the learned knowledge structure (i.e., prior experience). Finally,
the updated task representations are used to modulate the global meta-initialization
parameters y to obtain task-specific initialization 6y,.

Automated Relational Meta-Learning (ARML) (Yao et al. 2020). While
hierarchical clustering enables consistent modulation of the meta-parameters for related
tasks, in practice, the design of the hierarchical structure is highly sensitive and more
importantly, it relies on simple vector representations for tasks. Instead, ARML
proposed to replace both task representations as well as the knowledge structure using
a learnable meta-knowledge graph G to succinctly encode the prior knowledge as the

meta-learning algorithm continues to process a sequence of tasks.
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7.4 Proposed Approach

In this section, we present SGML, a gradient-based meta-learning approach for
few-shot classification, which constructs a hierarchy of knowledge graphs to effectively
represent task relationships. For a novel test task, SGML can automatically extract
relevant information from the knowledge structure and appropriately tailor the meta-
initialization parameters. While our approach belongs to the family of structure-aware
meta-learning approaches such as ARML and HSML, it fundamentally differs by the
structure utilized for modeling relationships between tasks.

As illustrated in Figure 36, for a given task 7;, we construct a prototype-based
graph representation (Yao et al. 2020), and distill the task-relevant knowledge from
every level of the knowledge graph hierarchy in order to update the prototype graph
with historical task information. We then use an aggregate of the original task
representation and the enhanced prototype graph to tailor the global initialization
parameters 6y to effectively solve the current task. In the rest of this section, we

describe the proposed approach in detail.

7.4.1 Representing Tasks using Prototype Graphs

For an input task 7; with training samples (x;,y;) € DI"|Vj € [1, N*], we first
construct a prototype-based relational graph R;. The nodes C; denote the prototypes
corresponding to different classes in D! and the edges &; indicate the similarities
between prototypes. Note that using the class prototypes to construct R; leads
to more reliable task representations. As opposed to the vector embeddings used

in TAM (Vuorio et al. 2019) or HSML (Yao et al. 2019), such representations are
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more expressive both to capture cross-task relations as well as to retrieve relevant
information from the learned knowledge structure. Following standard practice in
image classification models, the prototypes are computed using features from an

embedding network B:
Nt'r

;
= e DB, (73

k1
where N} denotes the number of samples in class k£ and the embedding function B
projects an image x; into R?, such that samples from the same class are closer to each
other. Thus, our prototype for each class, which becomes the features for that class’s
node in C;, is the mean embedding of the images in that class. We compute edges &;

of the prototype graph based on the similarity between the node features:

Eilcl ") = alllc] = <119, (7.4)

17 3

where ¢/, ¢ are two different nodes in C; and ¢ denotes the sigmoid function. In our
empirical studies, not including any additional learnable parameters in (7.4) leads to

a more stable convergence of our meta-learning algorithm.
7.4.2 Constructing Knowledge Graph Hierarchies

To efficiently extract prior knowledge relevant to the current task 7;, we propose
to utilize knowledge graph hierarchies. While each level in the hierarchy represents
historical task priors at different complexity, each knowledge graph in a level represents
different task groups at a certain complexity. Formally, we represent our proposed

knowledge graph hierarchies as

T ={Greell,. .. Llmell,..., M]} (7.5)
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where L denotes the total number of levels and M, represents the number of knowledge
graphs in level /.

In order to automatically infer the knowledge structure, every meta-graph
G = (Hy, A7) is initialized with learnable node features HJ* € RV*4 and the
corresponding adjacency matrix A7 € RV*V.

Here, V' denotes the total number of vertices for each meta-graph. Similar to the
prototype graph construction, the edge weights between two vertices h, and h, in a

meta-graph G;" can be obtained as:
APy ) = 7 (W I, — )+ 7). (7.6)

where Wf;’qm and bf;’qm represent learnable weights and biases. Note that the parameters,

ts

the node features, and edge functions are updated at meta-test time using D.®, the

(limited) labeled data used to adapt to the new task.
7.4.3 Augmenting Task Representations via Message Passing

For every input task 7;, our goal is to update the prototype graph representation
by distilling task-specific knowledge from each level of the knowledge graph hierarchy.
At level ¢, we systematically propagate information from each of the meta-graphs
G," to the prototype graph by constructing a super-graph Sf "™ and then performing
neural message passing to update node features C;. The vertices of the super-graph
correspond to the union of vertices from R; and G;", and existing edges within each
of the two graphs are retained. We also add edges between the vertices C; of the

prototype graph and the vertices H* of the m'™ knowledge graph in level ¢ using a
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Gaussian kernel-based link function:

exp(—[l(c} — hy)/713/2)
> oor exp(—ll(cf —h.)/713/2)

where h,, h, € Hj* and v is a scaling factor. This process results in the super-graph,

Q™ (cf hy) = (7.7)

denoted as "™ = (C;|JHy', Q°™), comprising K + V vertices in total. Following
the messaging passing strategy adopted by ARML (Yao et al. 2020), we leverage a
Graph Convolutional Network (GCN) (Kipf and Welling 2017) to distill information
from the knowledge graph to update the task representation. After carrying out a
GCN forward pass on the super-graph, the top K components of the updated feature
set correspond to the prototype graph updated with prior task knowledge from G;".
Using this approach, one can distill from each of the knowledge-graphs in level ¢ to
obtain M, updated prototype graphs. Formally, for every knowledge graph K& in

level 1, we compute

CH™ = GCN(V;, G1) (7.8)

The resulting representations from any level ¢ are subsequently used to select relevant
information from the next (¢4 1) level in the hierarchy. Though one can employ an
attention mechanism to compute relevance of a knowledge graph n in level £ + 1 using
the updated prototype representation at knowledge graph m in level ¢, similar to the
soft cluster assignment in HSML (Yao et al. 2019), we find that a uniform attention

itself is highly effective. In other words,

My

R 1 R

C" = g 2 GeN(C™ G (7.9)
m=1

Through this hierarchical knowledge distillation process, our approach systematically
incorporates task-relevant information at different levels of complexity. After pro-

cessing information in all L levels of the knowledge graph hierarchy, the final task
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representation for the task 7; is obtained by performing average pooling of all M,

prototype representations in the last level:
N 1 ALm
Ci=— E c:m. (7.10)

From our empirical studies, we make the striking observation that knowledge graph
hierarchies provide a powerful way to improve the expressive power of the knowledge
structures in capturing cross-task relationships. Interestingly, the performance of
existing approaches such as ARML declines steadily as one arbitrarily increases the
number of vertices in the meta-knowledge graph. With SGML, we can either increase
the depth L of the hierarchy or alternately increase the number of graphs M, in any

level to enhance its expressive power.
7.4.4 Task-Specific Modulation of Meta Parameters

The final important step of our meta-learning algorithm is to utilize the enhanced
task representations for inferring task-specific meta initializations. Our implementation
of this step exactly follows HSML (Yao et al. 2019) and ARML (Yao et al. 2020), where
the task-relevant information from the hierarchy along with the original prototype
graph are used to perform task-aware modulation. The inductive biases from the
historical knowledge can enable rapid adaptation of the global meta-model to any task
from a heterogeneous task distribution. To this end, we first aggregate C; and C; into
vector representations using two RNN-based autoencoders. The RNN aggregators
create dense representations for each ¢! € C; and & € C;. Finally, concise task

embedding vectors q; and t; for C; and C’i, respectively, are obtained by performing
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average pooling over all K vertices:

1 & -
%= 7 Do) b=
j=1

In order to train these two RNN aggregators, we also include two additional recon-

(e (e (7.11)

||Mx

struction loss terms based on both the encoder-decoder networks:
Ly= Z e — W (W (c])) |, (7.12)
Lo=) &l = Tfe((e))l2. (7.13)
J

Along with the parameters of knowlege graph hierarchy and the base learner, the two
autoencoders are updated using the meta-test set D!
The task representations q; and t; are used to implement the modulation function

for obtaining task-specific initialization 6;:
901‘ = O'(Wg(qz S7) tz) + bg) o 00, (714)

where @ denotes the concatenation operation and W, b, are learnable parameters.
Using a gradient-through-gradient optimization, one can then refine the task-specific
initialization 6y;. In summary, we use the 6j; (computed in the meta-train phase) to
infer parameters of the knowledge graph hierarchy I', task embedding function B, and
the task aggregators using the following optimization objective:
Z L(for, D*) + Ly + paly, (7.15)
T.eP(T

where 111, 1o are user-specified hyper-parameters.
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Algorithm 5 Training of SGML

1:

10:
11:

Input: P(7): Distribution over heterogeneous tasks. ¢: number of levels in
hierarchical structure I'; M,: number of knowledge graphs in level /.
Output: Learned structure I', embedding network B, RNN aggregators, base
learner f(6p)
Initialization: Randomly initialize parameters 6y, parameters of I', and hyper-
parameters o, 7y, f1, lo

while not done do

Sample a batch of tasks 7; ~ P(7) for each 7; do

Sample D! and D!* from 7;
Construct prototype graph R; using (7.3) and (7.4)
Extract knowledge from I' to get updated prototype representation following
(7.7)-(7.10)
Aggregate the original and the knowledge-enhanced task representation using
(7.11)
Perform task-aware modulation using (7.14)
Update 65 = 0y — aVy, L(6o; DI")
Update 6, I', £, and RNN aggregators to minimize the objective in (7.15)

7.5 Results and Findings

7.5.1 Dataset Description

We consider six benchmark image datasets to construct the few-shot classification

experiments: CUB-200-2011 (Bird) with 200 classes, Describable Textures Dataset

(Texture) with 43 classes, FGVC of Aircraft (Aircraft) with 100 classes, FGVCx-Fungi

(Fungi)) with 1500 classes, VGG Flower (Flower) with 102 classes, and the German

traffic signs dataset (Traffic Signs) with 43 classes. All datasets were obtained as part

of the Meta-Dataset (Triantafillou et al. 2020), a large-scale benchmark for evaluating

meta-learning algorithms. While the first four datasets are used to train and evaluate

different structure-aware meta-learning approaches, the latter two are used to test the
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Table 21. Performance comparison of the proposed approach against state-of-the-art
meta-learning methods for few-shot classification. We show results for 4 different
datasets from the Meta-Dataset benchmark. All results were obtained using 1000 test
tasks in each case. Our method, SGML, achieves the most favorable average accuracy
and rank across datasets.

‘ Method ‘ Bird ‘ Texture ‘ Aircraft ‘ Fungi ‘ Average ‘ Average Rank ‘
Number of shots = 1
Meta-SGD 55.58 £ 1.43 3238 £ 1.32 | 52,994+ 1.36 | 41.74 + 1.34 45.67 7.5
MAML 53.94 £ 1.45 31.66 &= 1.31 51.37 + 1.38 42.12 + 1.36 44.77 8.25
MT-Net 58.72 £ 1.43 32.80 &£ 1.35 | 47.72 4+ 1.46 | 43.11 4+ 1.42 45.59 5.5
B-MAML 54.89 £ 1.48 32.53 £ 1.33 | 53.63 £ 1.37 | 42.50 + 1.33 48.39 6
MuMo-MAML | 56.82 £ 1.49 33.81 £ 1.36 | 53.14 & 1.39 | 42.22 4+ 1.40 46.50 4.75
HSML 55.99 £+ 141 32.51 & 1.35 51.26 & 1.35 42.86 + 1.42 45.66 6.5
ARML 59.43 £ 1.46 33.30 £ 1.30 | 56.20 & 1.34 | 45.85 £ 1.46 | 48.70 2.25
Ours [1,2,1] 62.37 & 1.47 | 35.23 &+ 1.37 | 56.20 & 1.38 | 44.83 & 1.43 49.66 2.50
Ours [1,2,2,1] | 64.47 & 1.41 | 33.13 £ 1.37 | 58.57 & 1.39 | 45.48 £ 1.30 50.41 2
Number of shots = 5
Meta-SGD 67.87 & 0.74 4549 £ 0.68 | 66.84 £0.70 | 52.51 + 0.81 58.18 8
MAML 68.52 + 0.79 44.56 + 0.68 | 66.18 £ 0.71 | 42.12 + 1.36 57.77 7
MT-Net 69.22 + 0.75 46.57 £ 0.70 | 63.03 £0.69 | 53.49 £ 0.83 58.08 6
B-MAML 69.01 &+ 0.74 46.06 = 0.69 | 65.74 £ 0.67 | 52.43 + 0.84 58.31 6.75
MuMo-MAML | 70.49 £ 0.76 45.89 + 0.69 | 67.31 £ 0.68 | 53.96 & 0.82 59.41 4.75
HSML 72.07 £ 0.71 44.71 £ 0.66 | 64.73 £0.69 | 53.38 £ 0.79 58.65 6.75
ARML 71.97 £ 0.70 4718 £ 0.71 | 73.63 £ 0.64 | 55.23 £ 0.81 62.00 2.75
Ours [1,2,1] 74.09 £+ 0.73 | 47.97 £ 0.68 73.05 £0.66 56.37 £ 0.81 62.87 1.75
Ours [1,2,2,1] 72.57 £ 0.74 | 48.21 £ 0.67 | 72.50 £ 0.65 | 56.39 = 0.80 | 62.41 1.75

generalization capability of the base learner to novel, unseen datasets. For training
the proposed algorithm as well as the baseline methods, we sampled the few-shot
tasks 7; from each of the four datasets, wherein the training set D! and the test set

D! contain K classes with Nf" shots per class.

7.5.2 Setup

We follow the standard protocol for training and evaluating few-shot image classi-

fication approaches (Yao et al. 2019). Similar to (Finn, Abbeel, and Levine 2017), we
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Figure 37. Knowledge graph hierarchies from SGML provide improved inductive
biases for generalizing the base learner to even novel unseen datasets.

utilize a simple 4 layer convolutional network as the base learner. For our embedding
function B, we use a LeNet (LeCun et al. 1998) model, a popular choice for image fea-
ture extraction. The aggregating RNN encoder and decoder functions are constructed
using GRU (Chung et al. 2014). Finally, we use a single layer GCN (Kipf and Welling
2017) to implement the “message passing” function between a meta-knowledge graph
and a prototype graph. As described in the previous section, all vertices and edges of
each knowledge graph in the hierarchy are randomly initialized. Note that, for fair
comparison, we regenerated the results for both HSMLS and ARML7 at our end using

the publicly released codes with the same experiment setup as that of SGML.

Shttps://github.com /huaxiuyao/HSML

Thttps://github.com /huaxiuyao/ ARML
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[Impact of increasing the number of knowledge graph nodes on ARML (Yao
et al. 2020).]
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Figure 38. Compared to existing structure-aware meta-learning algorithms, SGML is
more flexible to allow richer configurations of knowledge structure. While the perfor-
mance of ARML declines with increasing number of nodes in the knowledge graph,
our approach provides higher performance gains with more complex hierarchies.

7.5.3 Findings

To illustrate the efficacy of representing historical task information in the form
of knowledge graph hierarchies, we conduct extensive experiments with different
knowledge structures for classification tasks. In particular, we extensively evaluate
our proposed method against HSML Yao et al. 2019 and ARML Yao et al. 2020,
which are two state-of-the-art methods for using knowledge representation in meta-
learning models. To highlight the benefit of structured knowledge representations
further, we also compare against several meta-learning methods that do not use have

such a component, including Meta-SGD (Z. Li et al. 2017), MAML (Finn, Abbeel,
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and Levine 2017), MT-Net (Lee and Choi 2018), B-MAML (Yoon et al. 2018), and
MuMo-MAML (Vuorio et al. 2019).

From the results in Table 21 for both 1-shot and 5-shot experiments, we clearly see
that the proposed knowledge-graph hierarchies lead to consistently superior perfor-
mance over existing baselines on average across all datasets. While all structure-aware
methods provide non-trivial gains over meta-learning methods that do not perform
task-aware modulation, ARML was known to be the best-performing on this bench-
mark. In comparison, we find that, with the [1,2,2,1] configuration, SGML provides
performance gains as high as ~ 5% on the Bird benchmark over ARML and a boost of
~ 2% on average across all 4 datasets. We attribute this performance boost to the use
of more expressive knowledge graph hierarchies for extracting cross-task relationships.
As expected, SGML provides much larger improvements over HSML, ~ 5% on average
with about 8.5% boost on the Bird dataset. We make similar observations for the
5-shot case, where SGML consistently outperforms both HSML and ARML.

The benefits of using a richer knowledge structure is more apparent when the
trained base learner is utilized for novel, unseen datasets — Flower and Traffic. From
Figure 37, we observe that our proposed knowledge graph hierarchies provide better
inductive biases, as reflected by the significant improvements in the generalization
performance when compared to ARML. For a rigorous comparison, in Table 21 we
show the results for several other meta-learning baselines and include the Average
Rank metric (based on relative ranking of the methods for each dataset) for a more
holistic understanding of the different approaches.

An important challenge with any structure-aware learning algorithm is determining
the appropriate complexity for the knowledge structure. For example, as shown in

Figure 38(a), arbitrarily increasing the number of nodes in ARML generally results
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in a steady decline in the classification performance. In contrast, knowledge graph
hierarchies enable more flexible customization of the structure by either increasing
the depth (number of levels L) or changing the number of graphs in each level.
Interestingly, from Figure 38, we find that using configurations with larger depth leads

to consistent improvements with heterogeneous task distributions.

7.6 Conclusions

In this work, we presented SGML, a novel structure-aware meta-learning algorithm
for few-shot classification with heterogeneous tasks. In particular, we introduced the
notion of knowledge graph hierarchies to automatically extract cross-task relationships
at different levels of complexity for performing effective task-aware modulation. Given
a new task with few data samples, our SGML network taps into the knowledge
structure to obtain relevant historical task information and tailors meta-initialization
parameters using a modulation function.

With extensive empirical studies on the Meta-Dataset benchmark, we showed that
the proposed knowledge structure leads to significant performance gains over existing
structure-aware meta-learning algorithms. More importantly, SGML also provides
improved inductive biases for generalization to unseen datasets and more expressive
knowledge representations when compared to state-of-the-art approaches. This work
clearly demonstrates the utility of investigating better priors for the knowledge

structure to further advance the performance of few-shot learning methods.
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Chapter 8

CONCLUSION

In conclusion, this dissertation has rigorously addressed the multifaceted challenges
associated with distribution shifts in machine learning, presenting a comprehensive
array of innovative methodologies that significantly enhance the adaptability and
robustness of AI systems. Through the strategic use of Generative Adversarial
Networks (GANs), Vision-Language Models (VLMs), advanced failure estimation
mechanisms, and dynamic knowledge graphs, the research has effectively demonstrated
robust strategies for overcoming the limitations typically encountered when deploying
machine learning models across varied and dynamically evolving data landscapes.

Starting with the innovations presented in Chapter 2, the dissertation introduced
SiSTA, an advanced method that leverages generative augmentations for test-time
adaptation in scenarios where only minimal target data is available. By fine-tuning
StyleGANs and employing novel sampling strategies, this approach efficiently curates
synthetic target datasets that closely mirror the characteristics of any target domain,
facilitating effective multi-class classification. This breakthrough not only extends
the utility of GANs but also sets the stage for future investigations into the behavior
of different pruning techniques and the potential expansion of this approach beyond
mere classifier adaptation.

Chapter 3 detailed the development of SPHInX, a new approach for addressing
ill-posed inverse problems using pre-trained StyleGANv2. This method involves the
integration of carefully designed projection heads for style and content latent spaces,

coupled with a novel training strategy that ensures accurate and robust embeddings
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for even arbitrary OOD images. With extensive empirical studies across multiple
datasets, SPHInX has shown significant performance improvements in tasks such as
high-resolution image embedding, denoising, and compressed sensing. The findings
from this chapter underscore the potential of StyleGAN as a formidable image prior,
even in domains where the collection of large-scale datasets for training custom
generative models is impractical.

In Chapter 4, the dissertation explored the untapped capabilities of vision-language
models, particularly how CLIP can be utilized to revolutionize visual relationship
prediction. The CREPE model, which leverages text-based representations and
a unique contrastive training strategy, achieved state-of-the-art performance while
effectively tackling the long-tail issue prevalent in predicate occurrence distributions.
The implications of this work are vast, offering potential advancements in numerous
applications such as autonomous navigation and intelligent surveillance systems.
However, it also brought to light the ethical considerations necessary when deploying
such powerful technologies, particularly in scenarios that could lead to invasive
surveillance or biased decision-making.

Chapter 5 introduced PRIME, a novel approach leveraging the foundational
strengths of VLMs like CLIP to enhance the detection of failures in pre-trained image
classification models. By training an improved version of the classifier (PIM) that learns
robust associations between visual features and class-level attributes by projecting into
the shared embedding space of VLMs, PRIME can not only identify potential failures
but also provide human-interpretable explanations. Extensive experiments across
multiple benchmarks have evidenced PRIME’s consistent superiority over traditional
baselines, showcasing its ability to achieve substantially higher overall scores and

better manage trade-offs between failure and success recalls.
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Lastly, Chapters 6 and 7 delved deeper into the realm of few-shot learning, pre-
senting CAML and SGML as pioneering methods that utilize dynamic knowledge
graphs and structured meta-learning strategies to dramatically enhance model perfor-
mance in tasks characterized by limited data. By extracting and leveraging cross-task
relationships and tailoring meta-initialization parameters, these approaches not only
consistently outperformed existing methods but also opened new pathways for further
research in enhancing few-shot learning capabilities.

Overall, this body of work not only addresses the immediate challenges posed
by distribution shifts but also sets a robust foundation for future research in Al. By
bridging gaps between structural data discrepancies and semantic understanding, and
by enhancing model reliability through advanced methodologies, this dissertation
contributes significantly to the field of machine learning. It promises to influence
a wide range of applications and encourages the pursuit of further innovations in
this rapidly evolving field, ensuring that Al systems remain resilient, adaptable, and

effective even under the most challenging conditions.

8.1 Future Work

For future research building on the foundation laid by this dissertation, several
promising avenues can be explored to further enhance the adaptability and functionality
of Al systems, particularly in handling out-of-distribution (OOD) data and integrating
cross-modal data for richer and more accurate machine learning applications. Here

are elaborated future work directions along with additional suggestions:

1. Network Modulation with GAN Adaptation for Few-Shot Data: Com-

bining network modulation techniques with GAN adaptation could dramatically
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improve the flexibility of GAN networks by dynamically adjusting parameters
based on the specific requirements of few-shot data inputs. This approach
would be particularly valuable for handling extreme OOD samples, enabling
the GAN to adapt its generation process in real-time to produce more accurate
representations of sparse or novel data.

. Extending SPHInX for Robust Latent Prior Updates: Building upon
SPHInX, extending the method of updating the latent prior to develop a robust
sampler capable of generating OOD images without updating the entire GAN
structure represents a significant advancement. This approach would allow for
continuous adaptation of the latent space, enabling it to more effectively capture
and represent diverse and complex data variations.

. Enhancing VLMs for Visual Relationship Prediction and Text-to-
Image Synthesis: There is substantial potential to refine text-to-image gener-
ation by improving the contextualization of input text, ensuring that it more
accurately influences the resulting image generation. This could involve exploring
new methods for interpolating on a shared VLM space, allowing for the synthesis
of smoothly transitioning images from textual prompts, thereby expanding the
creative and practical uses of this technology.

. Simultaneous OOD Image Inversion and Interpolation: Advancing
the capability for simultaneous OOD image inversion and interpolation could
facilitate the creation of a continuum of image transitions, controlled through
text-based prompts interpreted by VLMs. This would enhance the model’s
ability to handle complex visual manipulations based on nuanced textual input.
. Utilizing Knowledge Graphs with LLMs and VLMs for Enhanced

Few-Shot Learning: Expanding the use of knowledge graphs to query and
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integrate information from LLMs and VLMs could significantly improve the
resolution of few-shot learning tasks. This integration would allow for more
precise and contextually appropriate adaptations to new tasks with limited data
availability.

6. Merging Priors from Different Modalities to Create Data-Efficient
Multimodal Networks: Inspired by the success of PRIME, which projects the
task model into a VLM subspace, a promising area of future work involves merg-
ing priors from different modalities or combining priors with varying strengths.
This approach could lead to the creation of multimodal networks that are more
data-efficient and capable of leveraging complementary information from diverse
data sources. Such networks would be particularly adept at tasks that require a
holistic understanding of multiple data types, enhancing the system’s overall
performance and efficiency.

7. Ethical AI Deployment and Bias Mitigation: Ensuring the ethical deploy-
ment of Al technologies remains a critical consideration. Future work should
continue to address the detection and mitigation of biases in Al models, particu-
larly those that might arise from imbalanced data or skewed interpretations by

VLMs, to ensure fair and transparent operation.

By pursuing these directions, future research can not only address the existing
challenges but also unlock new potentials for Al systems to operate with enhanced
intelligence, adaptability, and ethical integrity in a wide range of real-world applica-

tions.
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